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Abstract

The expected population rise will require a maximum exploitation of agricultural lands
with a consequent increase in the demand for freshwater for irrigation uses. Future trends
predict increasing periods of drought stress, which may impact on crop performance and
limit the future production. Pepper is one of the most economically important crops and
globally consumed vegetables. This crop is highly demanding in terms of water supply, and
so far, developing tolerant cultivars is one of the main targets for breeding. The aim of this
study is to accurately determine how pepper plants react to water stress at the vegetative
stage in order to select genotypes that better cope with drought. We implemented the
PhenoHort Plant Eye phenotyping platform to precisely assess changes in plant architec-
ture and morpho-physiological parameters on 25 cultivated pepper genotypes (Capsicum
annuum) under drought stress conditions. Three different irrigation supply levels were
considered, including the control, intense, and severe water stress, by irrigating every 24,
72, and 96 h, respectively. Daily monitoring of 20 traits allowed ~190,000 multispectral
and tridimensional data points through scans over 6 weeks of cultivation, thus shedding
light on changes in plant architecture and vegetation indices” values during stress. The
dissection of genotype (G) and treatment (T) interactions revealed that digital biomass
and plant height traits were strongly affected by the T factor (more than 50% of total vari-
ance), whereas color and multispectral parameters were under greater genotypic control,
accounting for 58.27% and 64.97% of the total variance for HUE and NPCI, respectively. The
comparison of each accession with respect to the control and the application of multivariate
models allowed us to select four drought-tolerant lines (G1, G2, G22, and G25) able to
reduce the effects of drought on the morphological parameters and architecture of the
plant with positive effects on vegetative indices. This work represents the first attempt
to dissect the response of pepper under drought stress at the vegetative stage using a
high-throughput and non-invasive phenotyping system, offering new insights for selecting
resilient genotypes.

Keywords: multispectral imaging; 3D analysis; drought stress; pepper; morphology;
physiological traits; plant growth

Horticulturae 2025, 11, 1318

https://doi.org/10.3390/horticulturae11111318


https://doi.org/10.3390/horticulturae11111318
https://doi.org/10.3390/horticulturae11111318
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/horticulturae
https://www.mdpi.com
https://orcid.org/0000-0002-2682-4521
https://orcid.org/0000-0001-8983-675X
https://orcid.org/0000-0001-5429-3847
https://doi.org/10.3390/horticulturae11111318
https://www.mdpi.com/article/10.3390/horticulturae11111318?type=check_update&version=1

Horticulturae 2025, 11, 1318

2 0f 20

1. Introduction

Cultivated pepper (Capsicum annuum) is one of the most important vegetables,
ranking amongst the top seven in terms of world total production [1]. Thanks to
the numerous uses as a fresh and processed food product [2], the crop is popular in
both tropical and temperate zones, where the global cultivation reaches approximately
4 million hectares, with an increasing trend expected in the next decade [1]. Peppers are
demanding in terms of water supply, and drought periods severely affect the quantity
and quality of production [3,4]. Globally, the occurrence of climate changes and the
presence of long periods of drought are threatening the cultivations [5], where water
scarcity is projected to impact one-third of arable land, particularly for the developing
countries [6].

The Intergovernmental Panel on Climate Change reported how the last decade
(2011-2020) was 1.1 °C warmer compared to the last fifty years of the 20th century, with
an increasing risk of drought on all continents [6]. In addition, the FAO’s agricultural
outlook for the next decade [7] reports an expected increase of 7% of calorie intake
in middle-income countries and 4% in low-income ones, which combined with the
expected global population increase by 2050 [8] would require a maximum exploitation
of agricultural lands.

It must be considered that agriculture accounts for over 70% of water con-
sumption and that rising freshwater demands worldwide are leading to the overex-
ploitation of groundwater overdrafts, thus negatively impacting soil degradation and
salinization [9,10]. Therefore, it is essential to implement strategies to solve the chal-
lenges in managing water resources, among which the selection of resistant cultivars
represents one of the foundations.

Investigating morphological and physiological changes in crops during water stress
events is necessary to understand the response of plants and select those that best adapt
to the drought conditions. Nevertheless, determining these parameters is not an easy
assessment since water depletion involves multiple processes. Indeed, plants respond to
drought by triggering their own response mechanisms, which include growth reduction,
structural modifications, and alteration of metabolism [11,12]. In pepper, water deficit
negatively impacts the photosynthetic rate, affecting plant biomass and total yield,
nutrient uptake, and metabolite accumulation, with repercussions on the overall quality
of production [13,14]. Thus, comprehending and controlling its effects is pivotal for the
establishment of sustainable cultivations.

To date, the evaluations of the effects of drought stress on morphological and physi-
ological traits in pepper have been carried out mostly through manual measurements.
A caliper for measuring the diameter of the stem and other parts of plants and a ruler
for measuring the height of the plant or leaf length are two examples of the techniques
mostly employed [15,16]. Other techniques require the destruction of the plant, such as
for biomass assessment [17]. These methods tend to be laborious, time consuming, and
often inaccurate. Furthermore, measurements are often taken at the end of the cycle or at
certain intervals, which does not allow for continuous monitoring of the plant’s develop-
ment during stress. The possibility of implementing cutting-edge methodologies, thanks
to advances in the biological and engineering fields, allowed in the past decade the
development of imaging-based phenotyping technologies. These methods are powerful
since they enable the non-destructive analysis of plant phenotypes with high throughput,
precision, and high spatiotemporal frequency, thus overcoming the shortcomings of
manual assessment, such as the low efficiency and the risk of inaccuracy [18,19].
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These systems integrate wavelength data from RGB and multispectral /hyperspectral
imaging sensors to reconstruct via artificial-intelligence-based analytics, plant architec-
ture, and to compute vegetation indices required to determine plant health status [20].
RGB sensors use three spectral information channels—red (R), green (G), and blue
(B) wavelengths—that lie within the visible (VIS) part of the electromagnetic spectrum
(400-700 nm), thus providing the perceptible color of the object under study [21]. Each
pixel in an RGB image is made up of a matrix of three values that can be used to create
two-dimensional (2D) or three-dimensional (3D) images. Multispectral and hyperspec-
tral imaging allow for wider coverage that also includes the near-infrared (NIR) region
of the electromagnetic spectrum beyond that of the VIS. The main differences rely on
the number of bands captured, and while the multispectral analysis refers to a limited
number of discrete spectral bands (e.g., 3 to 15), the hyperspectral one acquires hundreds
or thousands of narrow and continuous spectral bands [21]. These two imaging methods
allow a deeper investigation of both the vegetation structure and physiological changes
when plants undergo a stress period.

High-throughput phenotyping (HTP) platforms rely on plant-to-sensor (PS) systems,
where the plants move and/or rotate on conveyor belts toward an imaging device [22,23],
or sensor-to-plant (SP) infrastructures, where a mobile imaging apparatus mounted on a
gantry system moves on stationary plants [24,25]. Although both are powerful, the PS
systems are thought to be less feasible due to the requirement for more space and the
complexity of the mechanical infrastructures required [26]. HTP imaging phenotyping
systems have been applied for the investigation of plants’ reactions to drought stress
mostly in cereals, as reviewed by Kim et al. [27], and several horticultural crops [28],
while no attempts have been reported in peppers.

This study aims to cover this gap by comparatively assessing the performance of
25 pepper genotypes in the vegetative stage under control and two drought stress
conditions. We implemented the Plant Eye 3D, a laser sensor mounted on an HTP-SP
system able to acquire three-dimensional data and multispectral information, gathering
up to 20 plant parameters non-invasively and with high processivity. The system has
been used to continuously monitor, for six weeks, growth and morpho-physiological
changes during water deficit. Findings highlight the main changes in plant architecture,
offering important information on which pepper genotypes better fit with reduced
irrigation growth conditions and for selecting the best candidates for breeding purposes.

2. Materials and Methods
2.1. Plant Material and Growth Details

The experiment was performed in the PhenoHort facility built in the glasshouse of
CREA—Research Centre for Vegetable and Ornamental Crops, Pontecagnano Faiano,
Italy (40°37’ N; 14°58’ E) [29]. Twenty-five cultivated C. annuum genotypes (namely
G1-G25) were sown in a climate chamber (August 2024) and after three weeks, seedlings
were transplanted into plastic pots with 12 cm diameter and 10 cm height, filled with
120 g of peat, whose water-holding capacity was determined by the gravimetric method.
A complete randomized design with three replicates for each genotype was adopted
to ensure random placement and avoid variability in greenhouse conditions. The trial
lasted for 40 days from August 28 (day 1) to October 6 (day 40). All plants were irrigated
daily (9:00 am) through an ebb and flow system able to pump the nutrient solution from
the bottom of the bench on which pots were positioned. Each flooding cycle lasted for
30 min, including the flooding and draining phases. Before starting the experiment,
after transplant, all treatments were irrigated daily for 6 days to avoid any occurring
post-transplant crises. Then, from day 1 to day 40, three treatments were applied:
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CT, control condition by keeping daily irrigation; WS1, considered as intense water
stress with irrigation turns every 72 h; WS2, considered as severe water stress with
irrigation turns every 96 h. This system ensured even water distribution conditions in
all treatments adopted. The nutrient solution included N-P-K fertilization consisting of
198.7 mg L~! of KNOj3, 91.7 mg L ! of Ca(NO;),, 41.7 mg L1 of Mg(NO3),, 68.3 mg L !
of KH,POy, 18.3 mg L1 of K»SO4, 21.7 mg L~! of MgSOy, 23.3 mg L~ of (NH4),SOy,
and 0.113 ml L~ ! of HNOs. In all treatments, nutrients were applied during the irrigation
cycle for the duration of the trial. Through the entire cycle, temperature and relative
humidity have been recorded using a HygroVUES5 (Hortus Srl, Milano, Italy) system,
while solar radiation was recorded by a CS310 sensor (Campbell Scientific, Logan, UT,
USA). Data are reported in Supplementary Table S1.

2.2. PhenoHort Phenotyping Platform Layout

The PhenoHort platform consisted of a PlantEye F500 scanner (Phenospex, Heerlen,
The Netherlands) mounted on an automated gantry system and positioned at 1.80 m
above the surface of the cultivation bench. The system drove the scanner along the
x-y axes, thus guaranteeing the complete imaging data acquisition. Several metal bar-
codes (55.5 mm high) outlined the experiment, orientating the pots, tagging the treat-
ments, and delimitating the beginning and end of each scan. This layout allowed a
unique code for each pot, which combined the barcode, genotype, and treatment infor-
mation. The system consisted of a dual digital sensor combining multispectral imaging
with 3D vision able to acquire different wavelengths in the red (620-645 nm), green
(530-540 nm), blue (460-485 nm), near-infrared (820-850 nm), and 3D laser (940 nm)
channels, and then combined them into different spectral indices [30], as follows:

NDVI, normalized differential vegetation index:

NIR — RED

NDVI= IR+ RED

NPCI, normalized pigment chlorophyll ratio index:

RED — BLUE

NPCT = RED T BLUE

PSRI, plant senescence reflection index:

RED — GREEN

PSRI = NIR
GLI, green leaf index average:

2 x GREEN — RED — BLUE
2 x GREEN + RED + BLUE

GLI =

The dual scan was performed daily at 3:00 pm. After each scan, different steps were
performed, including data pre-processing and filtering able to remove any distortion,
segmentation for precise identification of plants and separation from any background
objects, data normalization, and definition of plant morphological parameters calculated
from the 3D model [30]. The raw data and the ply (Polygon File Format) files were
automatically elaborated and retrieved from the Hortcontrol v. 3.8 software. Parameters
are listed in Table 1.
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Table 1. List of traits calculated from the 3D model and multispectral imaging through the PlantEye
500 multispectral laser scan. Traits include morphological parameters (13), color and multispectral
reflectance measures (3), and spectral vegetation indices (4).

Acronym Trait Measurement Unit

Morphological parameters

LA3D Three-dimensional leaf area mm?
DB Digital biomass mm?
PHA Plant height averaged mm
PHM Plant height max mm
CLPD Canopy light penetration depth mm
CHA Convex hull area mm?
CHAC Convex hull area coverage %
CHAR Convex hull aspect ratio index
CHC Convex hull circumference mm
CHMW Convex hull maximum width mm
SAA Surface angle average A°
VVT Voxel volume total mm?3
PLA Projected leaf area mm?
Color and multispectral

HUE Hue average A°
LA Lightness average %

SA Saturation average %
Vegetation indices

NDVI Normalized differential vegetation index index
NPCI Normalized pigment chlorophyll ratio index  index
PSRI Plant senescence reflection index index
GLI Green leaf index average index

2.3. Data Analysis

All data were analyzed using the R statistical software v. 4.0.2 [31]. Average differences
between treatments and the control were compared using the Dunnett tests considering
a p = 0.05 threshold to indicate statistically significant differences. All phenotypic traits
were subjected to the two-factorial linear regression model to estimate the main effects of
genotype (G), treatments (T), and their interactions (G x T). The general linear model with
fixed factors was used following the equation:

Hii=pnGi+Ti+(G xT)+¢

where y is the grand mean, ‘G’ is the random effect of genotype ‘i, “T” is the effect of
the treatment ‘j’, and ¢ represents the error term. The G effect refers to the 25 accessions
studied, while the T effect includes the different applications of nutrient solution (both
water and nutrients).

For each trait, the mean square values (MS) were used to estimate the magnitude of
the observed effect, while the total sum of squares in percentage (TSS %) was calculated
dividing the SS of the effect by the TSS. PCA loading and score plots were drawn in R 4.4.0
using the FactoMineR and the factoextra packages [32,33]. The prediction ellipses with a 95%
level of confidence were added to the PCA score plot. The correlations among traits scored
in each independent treatment were calculated from accession means using the corrplot
R package v. 4.4 [34]. The Pearson linear coefficients of correlation (r) were calculated
between pairs of traits, and the significance of correlations was evaluated at p < 0.05. The
multi-trait genotype—ideotype distance index (MGIDI) [35] considering all traits was used
to identify the best genotypes.
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3. Results
3.1. Greenhouse Climatic Conditions

Details of daily temperature, relative humidity, and solar energy are shown in Figure 1.
Considering that the experiment was conducted at the end of the summer season, the
average temperatures remained in the range of 30 (first day of the experiment) to 16 (last
day of the experiment) degrees (Figure 1a). From the middle of the experiment, both maxi-
mum and minimum temperatures remained stable with values of 25-26 °C and 20-21 °C,
respectively. Overall, a linear trend was observed with decreases in both maximum and
minimum °T from d1 to d40. On the contrary, relative humidity values showed greater
fluctuations for the lower values, with average percentage ranging between 55% and 82%
(Figure 1b). Relative humidity values resulted as stable during the third decade of the
experiment. Solar radiation during the entire cycle did not exceed 600 pmol/m? /s w, with
higher values recorded during the second and third decades of cultivation (Figure 1c).
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Figure 1. Minimum (blue line), maximum (grey line), and average (orange line) daily temperature
(a) and relative humidity (b) values, and daily maximum (blue line) and average (orange line) solar
radiation (c). All parameters were recorded during the growth cycle in the phenotyping facility
located at CREA—Research Centre for Vegetable and Ornamental Crops, Pontecagnano Faiano.

3.2. Phenotypic Variation Across Trials

A wide variability was found for the assayed traits in the 25 genotypes tested. In
Table 2, mean values and ranges referring to two growing periods: from day 1 to 20 and
from day 21 to 40, are reported. The effects of applied stress were gradually more evident
starting from the middle of the cycle, where more significant reductions were observed.
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Indeed, in the first 20 days there were no appreciable differences in the mean values of the
traits of the plants cultivated in the three trials, and only some of them showed statistically
significant differences between the control and the stressed treatments. In the second part of
the cycle, all morphological traits showed a decreasing trend compared to the control, with
statistically significant differences observed for both treatments, except for the convex hull
aspect ratio. This was most evident when observing traits’ trends in the stress conditions
across the 40-day experiment (Figures 2—4). The rewatering effect in the two water deficit
treatments was clear after three weeks for leaf-related traits. In fact, leaf area and biomass
initially showed a linear increase, then decreased following the leaf wilting linked to the
loss of turgor during drought stress (Figure 5) and increased further after the irrigation
cycle (Figure 2). The same trend was observed for the convex hull traits, which reflected
the projection and spread of the leaves in turn influenced by drought-rewatering effects.

Table 2. Mean and range for the 20 traits recorded in the PhenoHort platform in three experimental
conditions, including the control (CT) and two water stress conditions: intense (WS1) and severe
(WS2). Data of the first half of the cycle (20 days) and second half (40 days) are reported. The asterisks
indicate significant differences with the control at p < 0.05 according to Dunnet’s test. The trait legend
is reported in Table 1.

CT (dd 20) WS1 (dd 20) WS2 (dd 20) CT (dd 40) WS1 (dd 40) WS2 (dd 40)
R 168.42 153.08 169.22 884.25 650.11 * 49534+
LA3D (em?) (13.77-774.60) (0.00-721.59) (14.93-880.49) (259.81-1861.65) (194.77-1374.54) (102.82-1099.29)
DB (cm’) 2826.79 2368.39 * 2680.65 33218.78 2325655 * 14635.05 *
(36.478-21,555.87) (0.00-19,974.47) (45.754-18,800.05)  (6248.753-73,256.43)  (3032.527-66,919.20) (2433.45-47,261.80)
PHA (mm) 119.42 106.86 * 112.77 400.17 338.74 * 287.27 *
(20.92-370.50) (0.00-321.73) (27.15-304.88) (151.96-720.84) (147.53-577.29) (94.04-480.72)
PHM () 123.08 110.51 * 116.56 411.00 350.05 * 297.77 %
(21.16-372.43) (0.00-326.49) (27.68-310.39) (157.66-730.54) (154.62-588.08) (97.34-499.20)
CLPD (mm) 75.69 70.10 74.63 272.29 238.67 * 213.26 *
(10.12-242.13) (4.48-209.04) (10.61-217.06) (89.53-543.00) (93.24-466.29) (65.59-378.98)
R 22642 207.76 2135 939.36 75423 * 571.35 *
CHA (mm?) (23.94-780.46) (0.00-803.75) (20.60-941.79) (326.33-1570.95) (222.49-1567.52) (100.98-1315.57)
CHAC (%) 51.65 51.82 51.62 54.99 5433 * 50.68 *
(17.43-82.38) (23.97-91.54) (25.23-73.18) (26.70-72.35) (21.82-71.18) (23.25-70.95)
CHAR (index) 72.07 70.01 * 7111 79.22 77.85 78.41
(20.89-89.57) (38.88-97.51) (35.78-87.75) (58.41-97.96) (53.06-92.14) (54.04-93.70)
e 550.41 521.31 * 536.73 1151.30 1024.52 * 870.54 *
(179.90-1063.62) (0.00-1079.76) (180.30-1179.04) (719.58-1531.93) (543.03-1528.68) (389.05-1375.63)
CHMW (mm) 205.47 195.60 200.56 416.60 366.86 * 310.90 *
(65.31-406.37) (0.00-388.52) (65.82-425.84) (252.09-569.98) (186.32-563.37) (141.03-497.91)
SAA (A%) 49.88 4978 4846 * 222 40.04 * 36.19 *
(29.32-66.74) (29.63-66.03) (26.41-65.61) (27.55-65.96) (17.86-64.85) (17.03-64.58)
s 15.17 13.84 15.00 69.24 56.52¢ 4146*
VVT (em’) (1.68-54.89) (0.00-56.71) (1.71-69.49) (20.46-120.66) (13.04-128.06) (6.66-110.87)
s 113.77 103.93 11239 518.65 421,55+ 306.96 *
PLA (em) (12.03-409.77) (0.00-425.19) (12.38-537.27) (150.25-916.95) (73.91-987.18) (37.17-859.85)
. 10753 107.80 107.59 115.14 114.87 113.79*
HUE (A%) (97.95-118.52) (95.93-122.15) (97.48-117.88) (102.30-127.25) (103.93-126.78) (99.01-127.02)
LA ) 9.47 9.40 9.43 6.28 651+ 6.58 *
(6.48-12.67) (7.10-12.45) (6.46-12.64) (4.29-11.46) (4.48-9.21) (4.23-9.63)
SA (%) 4497 44.87 4527 42,88 4142+ 41.16*
(36.32-59.86) (34.89-59.44) (38.65-56.71) (32.15-57.18) (32.07-60.77) (34.03-55.53)
0.585 0.587 0.581 0.689 0.67* 0.65*
NDVI (0.444-0.679) (0.470-0.651) (0.437-0.684) (0.528-0.755) (0.488-0.747) (0.470-0.763)
0.157 0.153 0.156 0.083 0.078 0.085
NPCI (0.036-0.346) (0.001-0.347) (0.046-0.306) (~0.031-0.287) (~0.026-0.317) (~0.029-0.251)
PoRL 0.075 0.075 0.079 0.025 0.027 0.034*
s (0.012-0.200) (0.009-0.412) (0.022-0.203) (~0.013-0.123) (—0.012-0.117) (~0.016-0.168)
0.345 0.342 0.338 * 0.340 0.320 * 0.307 *
GLI (0.275-0.449) (0.240-0.436) (0.261-0.443) (0.242-0.444) (0.228-0.474) (0.194-0.442)

A linear trend was observed instead for the height and the canopy light penetration
depth. The canopy light penetration depth generally depends on the plant’s architecture
and its response to stress. Leaf wilting due to loss of turgor may increase the light penetra-
bility. In the same way, the increase in leaves” dimensions during growth and the related
inclination change linked to weight increase generates a greater opening of the foliage with
a consequent increase of the trait. We observe a drought-rewatering effect due to the severe
stress in the final phases of the experiment (Figure 2).
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Figure 2. Line graphs showing trends for 13 morphological traits assayed via 3D and multispectral
sensing in the PhenoHort platform across 40 days under 3 conditions: control (CT), intense drought
stress (WS1), and severe drought stress (WS2). (a) LA3D: three-dimensional leaf area, (b) DB: digital
biomass, (¢) PHA: plant height averaged, (d) PHM: plant height max, (e) CLPD: canopy light pene-
tration depth, (f) CHA: convex hull area, (g) CHAC: convex hull area coverage, (h) CHAR: convex
hull aspect ratio, (i) CHC: convex hull circumference, (j) CHMW: convex hull maximum width,
(k) SAA: surface angle average, (1) VVT: voxel volume total, and (m) PLA: projected leaf area.
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Figure 3. Line graphs showing trends for 3 color and multispectral parameters assayed in the
PhenoHort platform across 40 days under 3 conditions: control (CT), intense drought stress (WS1),
and severe drought stress (WS2). (a) HUE: hue average, (b) LA: lightness average, and (c) SA:
saturation average.
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Figure 4. Line graphs showing trends for 4 vegetation indices assayed in the PhenoHort plat-
form across 40 days under 3 conditions: control (CT), intense drought stress (WS1), and severe
drought stress (WS2). (a) NDVI: normalized differential vegetation index average, (b) NPCI: nor-
malized pigment chlorophyll index average, (c) PSRI: plant senescence reflection index average, and

(d) GLI: green leaf index average.

Figure 5. Details of plants affected by leaf wilt (foreground bench) under severe water stress con-
ditions. The plants on the second and bottom benches are those subject to moderate stress and

control, respectively.

Projected leaf area and voxel volume total were the other two traits proportionally
affected by water stress and drought-rewatering effects (Figure 3). When plants undergo
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drought stress conditions, these two metrics, which assess the plant’s projected leaf area
on a two-dimensional plane and its leaf volume, respectively, drastically decline. For all
treatments, we observed an increase in hue in the first weeks of growth and then observed
a drastic decrease under severe drought stress during the last week. Hue is related to
chlorophyll content, which decreases in stressed leaves. The same tendency was observed
for NDVI and GLI, which are indicators of plant healthiness, while PSRI, which indicates
the senescence status of plants after a similar trend between the three treatments, showed
increases in the last week, in particular for the WS2 trial (Figure 4).

3.3. Genotype by Trait Interaction and Genotypic Variation

The results of combined analysis of variance for the 20 traits assayed in 3 treatments
are reported in Table 3. We examined the final week of the trial (dd34-dd40), during which
the effects of stress were most pronounced. On average, the genotype accounted for 29.62%
of total variation expressed as the percentage of variance explained (TSS %), while the
treatment (T) and the interaction between the two factors (G x T) explained 24.33 and
11.75 of TSS %, respectively.

Table 3. Two-way analysis of variance and significance levels for genotype (G), treatment (T), and
genotype-treatment (G x T) effects. For each factor the percentage of variation and its significance
are reported.

Trait G (df =24) T (df =2) G x T(df =48) Error (df = 448)
TSS % TSS % TSS % TSS %

LA3D 16.04 ** 28.55 ** 11.81 ** 43.59
DB 13.29 ** 51.02 ** 12.50 ** 23.19
PHA 31.23 ** 50.61 ** 12.28 ** 5.88
PHM 30.02 ** 50.75 ** 12.37 ** 6.86
CLPD 49.77 ** 22.44 ** 15.19 ** 12.60
CHA 12.49 ** 38.86 ** 10.29 ** 38.35
CHAC 31.99 ** 3.43 ** 12.41 ** 52.17
CHAR 24.40 ** 13.19 ** 14.99 ** 47.41
CHC 10.97 ** 36.77 ** 9.42 ** 42.85
CHMW 11.73 ** 39.08 ** 8.84 ** 40.35
SAA 32.03 ** 15.02** 6.01 NS 46.94
VVT 15.89 ** 29.86 ** 11.06 ** 43.19
PLA 16.39 ** 28.56 ** 10.76 ** 44.29
HUE 58.27 ** 776 % 9.96 ** 24.01
LA 40.32 ** 11.57 ** 20.18 ** 27.93
SA 43.72 ** 6.21 ** 9.94 ** 40.13
NDVI 19.98 ** 23.30 ** 16.10 ** 40.63
NPCI 64.97 ** 2.90%* 9.11 ** 23.02
PSRI 39.36 ** 9.93 ** 13.48 ** 37.23
GLI 29.54 ** 16.78 ** 8.32 % 45.35

The traits’ legend is reported in Table 1 and Figure 2. * Significant at p < 0.05, ** significant at p < 0.01, and
NS not significant.

The genotype was highly significant (p < 0.01) for all traits and represented the main
source of variation for color and multispectral data, as well as for vegetation indices.
Among morphological parameters, the strongest effect of genotype (TSS = 49.77%)
was found for canopy light penetration depth, while four parameters, including plant
height average and maximum, convex hull area coverage, and surface angle average,
showed TSS > 30%. A minor influence of the genotype was instead found for the three-
dimensional leaf area and the digital biomass, which instead had a greater influence on
the treatment. The treatment effect showed a low significant effect (p < 0.05) for HUE



Horticulturae 2025, 11, 1318

11 of 20

and for the NCPI index. Digital biomass and plant height parameters displayed the
highest T effect (TSS % > 50%) and 9 out of 12 morphological traits showed a higher T
effect compared to G. As for the G x T interaction, high significant effects were found for
morphological data except for surface angle average, while among multispectral color
data and vegetation indices, lightness average and PSRI exhibited the highest TSS, being
20.18% and 13.48%, respectively. Overall, several traits showed both high Tand G x T
effects, demonstrating the importance of these two factors in determining the effects
of water stress. Among traits, morphological parameters had a proportion of variance
attributed to G, T, and G x T, of 22.78%, 31.40%, and 11.38%, respectively, color data of
47.43% (G), 8.15% (T), and 13.36% (G x T), and spectral indices of 38.46% (G), 13.23%
(T), and 11.75% (G x T).

To determine the response of the genotypes tested to the applied water stresses,
the phenotypic difference between the treatments and the control was calculated and
expressed as a percentage (Figure 6). Considering morphological traits, under drought
stress most accessions showed a decrease in performances, nonetheless, there were some
exceptions exhibiting trending improvements. Notably, both G01 and G03 exhibited rises
of leaf area and digital biomass with intense water stress (WS1), while G16 displayed
both increased digital biomass and plant height under WS1 conditions. Four genotypes
(G01, GO6, G16, and G17) increased the canopy penetration light depth in WS1, while for
convex hull traits, the accessions G01, G02, G10, G18, and G22 showed increases greater
than 10 percent for at least one trait under severe stress. As for NDVI, both G01 and
G02 showed increases above 5% in both stressed trials, with G25 displaying outstanding
values (>95%). A consistent decrease in PSRI was found in G01, G02, and G10. The
drought-rewatering effect was evident in all instances (Figure 7). We report examples
of four morphological traits, and no accession was able to mitigate this effect, although
some (e.g., GO1) showed good stress tolerance considering the trends compared to
the control.

In order to select the best genotypes based on the performance obtained under stress
conditions, the multi-trait genotype-ideotype distance index was implemented (Figure 8).
According to a selection intensity of 16%, four genotypes (G01, G02, G22, and G25) resulted
promising as tolerant for either intense or severe water stress, while the others showed a
variable level of tolerance up to susceptibility.

3.4. Multivariate Analysis

The principal component analyses (PCAs) in the first two dimensions explained
63.5% and 12.3% of the total variation. A separation between traits recorded in the
first half of the cycle and the second one was visible although with minimal overlap
(Figure 9a). In the first 20 days, no major differences were observed between the 3 condi-
tions, but these became more evident in the second part of the experiment (Figure 9b). A
greater variability was observed along the first component for genotypes grown under
control conditions, while for water stress conditions, a greater variability was observed
along the second axis. This trend was also observed in the PCA displaying the entire
experiment (Figure 9c), which highlighted the greater variability of the control condition
with respect to the drought stress trials. The assayed traits showed a greater correlation
with the first component, which explained the large part of variability. Along with this,
positive correlation was found for morphological traits, while negative correlations for
color and spectra indices (Figure 9d). With the exception of HUE and CHAR, all traits
were positively correlated with the second principal component.
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Figure 6. Horizontal bars showing the differences between water stress conditions (WS1 and WS2)
compared to the control for 25 pepper varieties. Values are expressed as differences in percent-
age between the means of stress condition with respect to the control on day 40. Dark red bars:
morphological parameters, blue bars: color and multispectral data, and green bars: vegetation indices.

The correlation among traits has been calculated for each treatment considering a
significance threshold of p < 0.05 using the Pearson coefficient. The correlogram within the
control condition is reported in Figure 10a, while Figure 10b,c represent the different water
deficits applied.

The same patterns of correlations were found in all trials, although a higher number
were found in the control conditions. CHAC did not show any correlation under drought
stress, while in the control few correlations were detected, the strongest ones with CHAR
(R =+0.64) and VVT (R = +0.50). Stress conditions instead highlighted positive correlations
between SAA and SA and SAA and NPCI, for which no signal was found in the control.
Overall, LA3D and DB showed weaker correlations with other traits than the control.
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Figure 7. Line graphs showing trends for 25 genotypes across 40 days under 3 conditions: control (CT),
intense drought stress (WS1), and severe drought stress (WS2). (a) LA3D, (b) DB, (c) PHA, and (d) CHC.
Trait acronyms are listed in Table 1 and Figure 2.
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conditions, while the gray dots, from the outside toward the center, increasingly represent genotypes
that are less adapted to stress conditions.
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Figure 9. Principal component analyses. Loading plot of the first (PC1) and second (PC2) principal
components showing the variation for 20 traits scored in control (CT) and drought stress treatments
(WS1 and WS2). (a) PCA drawn considering all trials in the first (20 days) and second (40 days) parts
of the cycle. (b) PCA drawn considering all trials in the first (20 days) and second (40 days) parts
of the cycle and separating the three trials. (c) PCA for the three trials considering the entire period.
Colored ellipses group measures for each treatment with a 95% confidence interval. (d) Distribution
of the traits scored on the PCA biplot—the direction and distance from the center of the biplot indicate
how each OTU contributes to the first two components.
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Figure 10. Correlations between morphological parameters, color measures, and vegetative indices
for the different treatments. (a) CT, control, (b) WS1, intense water stress, and (c) WS2, severe water
stress. The Pearson coefficient with a significance threshold of p < 0.05 was considered. Color intensity
is directly proportional to the coefficients. On the right side of the correlogram, the legend color
shows the correlation coefficients and the corresponding colors. According to the scale on the right,
blue and red colors correspond to positive and negative correlations, respectively. The full name of
each trait abbreviation can be found in Table 1.
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4. Discussion

In the years ahead, agriculture will face unprecedented challenges that will require
a significant boost in productivity with less inputs. The occurrence of global warming
is increasing the risk of drought in several agricultural regions, thus requiring greater
attention in the use of water for agriculture. At the vegetative stage, pepper is particularly
sensitive to drought due to its large leaf surface and high stomatal conductance [36], which
accelerate water loss, significantly impacting plant development. Nevertheless, since plant
response differs according to genotype [37], it is important to identify suitable genotypes
that can withstand dry spells.

In the present study we implemented a high-throughput phenotyping system that
yielded over 190,000 phenotypic data points related to 20 traits assayed on 25 genotypes
through daily scans over 6 weeks. By combining 3D laser scanning and multispectral
data, both morphological parameters and physiological indices were measured in a non-
destructive manner, allowing us to compare plant changes between the control and the two
stressed treatments. The system used includes the Dual Scan mode, which, as highlighted
by Maphosa and colleagues [38], allows a better scanning coverage, thus providing a
more detailed three-dimensional structure. This layout is suitable for scans on plants in a
more advanced vegetative state, compared to plantlets in the case of the single overhead
scanner. Consistent with prior research employing high-throughput phenotyping, most of
the examined traits exhibited substantial responses to water stress [39,40].

4.1. Potentiality of PhenoHort for Morpho-Physiological Traits and Stress Indices Assessment

Results showed how several morphological traits, including plant height, leaf area,
and digital biomass, decreased with the application of water stress with more drastic effects
as the growth cycle progressed. During the vegetative stage, by closing leaf stomata and
limiting the transpiration rate, plants reduce the energy needed for biomass accumulation,
resulting in reduced leaf expansion and plant height, and in significant changes in plant
architecture [40]. Other traits, such as canopy light penetration depth, increased in both
control and stressed trials, depending on how the plant modifies its architecture upon
stress. Generally, elevated stress levels may result in a reduction in canopy density, thus
enhancing light penetration. In a previous study [40], it was reported that both the loss of
leaf turgor due to stress and the weight of the leaves in healthy plants can increase the light
incidence depth on the canopy. Our observations highlight a linear development of this
trait in both control and stress trials, with lower performance in the latter, thus being not
indicative of the effects of applied stress.

Plants that undergo drought stress show noticeable changes in the electromagnetic
spectrum, increasing the visible red, green, and blue reflectance and decreasing in the near-
infrared region (NIR) [41]. Indeed, while photosynthetic pigments predominantly govern
reflectance in the visible area, leaf structure primarily influences reflectance in the near-
infrared region [42]. The relationships between the bands allow us to determine vegetative
indices, which highlight the health status of the plant. The normalized difference vegetation
index (NDVI) is calculated as a ratio of NIR to the red channel and evaluates the presence
of photosynthetic activity, as it correlates the red spectrum, where chlorophyll absorbs light,
with the near-infrared spectrum, where leaves reflect light to prevent overheating [43]. On
the contrary, the plant senescence reflectance index (PSRI) can be detected by the ratio
between carotenoids and chlorophyll, which are degraded at differential rates during
senescence [44]. Generally, the NDVI tends to increase during the vegetative phase unless
any stress impacting photosynthetic activity occurs. In our study, we observed a rise of
the index in the first weeks in all three trials, then observed an evident decrease under
severe water stress conditions. Being linked to absorption in the NIR spectrum, NDVI is
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positively correlated with morphological traits. We observed a stronger correlation in the
control trials, which consistently decreased in the stressed ones. This is in agreement with
previous findings reporting positive correlations with NIR reflectance and morphological
traits, and their simultaneous reduction in stress conditions [39,41].

The PSRI, in normal growing conditions, follows a linear decrease during the vegeta-
tive stage, then increases at the end of the cycle during the senescent phase and/or during
the occurrence of stress. In the severe stress trials, PSRI stopped increasing after rewatering,
although it maintained higher average values compared to both the control and moderate
stress trial. Overall, the observed trend for PSRI in the control and water deficit conditions
was consistent with previous studies [30,42,44]. The other two vegetative indices recorded
by PhenoHort were the green leaf index (GLI) and the normalized pigment chlorophyll
index (NPCI), both related to the reflectance in chlorophyll pigments and indicative of the
health status of the plant. While GLI showed a decrease in the stressed trials, confirming a
reduction of the vegetation, NPCI showed a slight increase when the stress was imposed.
This index is correlated to the absorption of blue and red chlorophyll wavelengths and
reflection of green light. The concentration of chlorophylls leads to an increase or decrease
of both absorption and reflection, influencing the index strength [45]. Therefore, the signal
is not straight, as the NDVI and previous studies support the evidence that NPCI is less
influenced by water stress until plants reach senescence [46,47]. We observed negative
correlations between NDVI and NPCI and positive ones between PSRI and NPCI with
stronger signals in the control in all instances. Conversely, GLI only exhibited positive
relationships with NDVI under extreme stress situations, demonstrating how a sharp drop
in water clearly altered the chlorophyll content of plants. It should be noted, however, that
the correlations we have reported represent the entire cycle and more significant effects are
evident when considering the last week of cultivation.

Following the PCA, it was possible to observe how the application of stress reduced
the variability of the entire set studied. This is particularly linked to the reduction of the
performance of the morphological characters that accounted for most of the variability.
Although the trend was evident in the second half of the cycle considered, even in the first
one, a considerable reduction under severe stress conditions was observed. Nevertheless,
it should be noted that the effects of applied stress could also be related to the different
nutrient solution supply frequency during differentiated irrigation. A minimum amount
of nutrient solution was indeed necessary to allow plant growth. However, we did not
consider nutrients as a separate factor, as we employed a much more diluted solution than
is often used and for a 40-day experiment, and we expected a low impact on the T effect,
compared to the different water intake.

4.2. Identification of Best Accessions Resilient to Water Stress

The selection of potential genotypes able to cope with drought depends on their
response to stress but also on the interaction of the genotype and the treatment for the
trait to be selected. We observed a strong effect of the treatment on plant biomass and
leaf area, which represent important parameters underlying the accumulation of primary
metabolites functional both for growth and for fruit quality [48]. Traits related to plant
height and canopy had greater genotypic control. This can be explained by the presence of
QTLs with a greater effect in both pepper and other species [49,50].

To identify the genotypes that responded better to stress conditions, we implemented
the multi-trait genotype—ideotype distance index (MGIDI) [35], a multivariate model that
combines numerous attributes for the selection of superior genotypes. Among the best ac-
cessions, we identified GO1 and G02, which under stress conditions showed improvements
compared to the control for several traits related to biomass and plant architecture, as well
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as a slight improvement in NDVI and a reduction in PSRI, which highlighted the ability to
withstand the impact of water deficit. G22, although showing decreases in biomass and leaf
area, improved plant architectural traits and vegetative indices compared to the control,
while G25 showed outstanding levels of color and vegetative indices, highlighting a better
physiological response to stress. Although it was not possible to obtain a single ideotype ca-
pable of improving all characteristics, these genotypes may improve morpho-physiological
traits by keeping low-input conditions. This information can be useful to set up new
breeding programs able to combine the different characteristics to develop new hybrids
and select improved lines in subsequent generations. To this end, precise phenotyping
through the platform allows for the implementation of precise characterizations even at
the vegetative stage, significantly reducing the selection time. The present experiment
was highly informative to identify the best tolerant and susceptible pepper accessions.
In the future, based on the performance of the genotypes tested, we plan to develop a
novel mapping population to be explored for identification of candidate genes underlying
drought stress resistance in pepper. To identify any new candidate genes underlying the
physiological response to drought, a follow-up study involving the most tolerant and
susceptible lines is also planned. This experiment will use the PhenoHort platform for
drought stress response on the epigeal part, add additional soil moisture sensors, and
implement transcriptomic analysis at various stages.

5. Conclusions

In the past few years, technological advancements have been made in the field of plant
phenotyping, and different sensing technologies have been developed. In this work, we
tested the potentiality of the automated PhenoHort platform for thorough assessment of
morphological and physiological changes in cultivated pepper accessions under differential
drought stress conditions. We demonstrated how severe water deficit stress impacts the
performance of plants, although several genotypes better coped with drought conditions.

It was possible to determine the most predictive parameters for drought tolerance
by taking into account the multivariate analysis of the studied traits, their response to
the genotype-by-treatment interaction, and the performance of the most promising ac-
cessions. The first measures to observe among these are undoubtedly digital biomass,
three-dimensional leaf area, and the normalized pigment chlorophyll ratio index. However,
this study emphasized that the whole plant phenome needs to be considered, and species
other than pepper may undoubtedly react differently. As an outcome, the platform must be
used in future research on different plant species.

The methodology outlined here can be expanded to examine cultivar performance un-
der additional abiotic stress (e.g., salt). Furthermore, using omics strategies in conjunction
with multispectral data would allow us to thoroughly examine the mechanisms behind
drought stress tolerance in pepper.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/horticulturae11111318/s1. Table S1: Temperature, humidity, and solar
radiation recorded in the PhenoHort platform during a 40-day experiment.
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