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Abstract Faba bean (Vicia faba L.) has great poten-
tial to contribute to sustainable agriculture and pro-
tein security globally but is known to be very sensi-
tive to drought stress. Uncovering drought-adapted
germplasm is critical for developing resilient cultivars
and advancing our understanding of the mechanisms
underlying stress adaptation. However, high-through-
put plant phenotyping under stress conditions remain
a major bottleneck in crop genetics and breeding
programs. In this study, a multi-sensor indoor phe-
notyping platform was used to assess 44 faba bean
genotypes under water deficit conditions. Standard-
ized, monitored stress conditions were achieved by
watering-by-weighing for drought onset, duration,
and intensities allowing genotype-level comparisons.
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The genotypes showed a range of stress responses in
growth and physiology, including traits such as plant
height, biomass, water use efficiency (WUE), and
chlorophyll fluorescence parameters. Digital biomass,
derived from combined top- and side-view plant
imaging, was strongly correlated with biological bio-
mass at the experimental endpoint, validating its use
as a non-destructive proxy for growth assessment in
faba bean. Time-resolved generalized additive model-
ling further revealed genotype-specific differences in
the timing and magnitude of water deficit response.
Genotypes that maintained growth and WUE under
water deficit conditions may serve as valuable pre-
breeding materials for development of drought-
adapted faba bean.
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Introduction

Faba bean (Vicia faba L.) is an important cool-sea-
son grain legume crop grown worldwide because of
its high seed protein content and versatility in agri-
cultural systems, contributing to food security and
sustainable agriculture (Jensen et al. 2010; Khazaei
and Vandenberg 2020). Nevertheless, faba bean is
considered to be sensitive to drought stress (Khan
et al. 2010) as the major environmental factor that
negatively affects its growth, development, and
yield potential. Global climate change has dramati-
cally changed the frequency and patterns of rainfall
over the past few decades. The decrease in precipita-
tion due to infrequent rain events, combined with the
predicted rise in atmospheric temperature, intensi-
fies the frequency and severity of drought incidents,
negatively affecting crop performance (Spinoni et al.
2018; Bevacqua et al. 2022). For example, in the
Nordic region, early- to mid-summer droughts have
become extremely likely due to climate change and
cause significant crop yield losses (Peltonen-Sainio
et al. 2021). Therefore, development of drought-
adapted cultivars is essential, particularly in drought-
susceptible crops such as faba bean.

Plant phenotyping, the process of systematic
measurement and analysis of plant traits, is funda-
mental to understanding plant-environment inter-
actions (Pieruschka and Schurr 2019; Visakh et al.
2024). Through phenotyping in adequate condi-
tions, drought-adapted germplasm can be identi-
fied to support the development of resilient cultivars
and to advance understanding of stress adaptation
mechanisms (Swarup et al. 2021). This requires sys-
tematic phenotyping of diverse genotypes under
water-deficit conditions to identify those that exhibit
superior production in water-limited environments
(Guadarrama-Escobar et al. 2024). A number of faba
bean genotypes have been screened for this purpose
(e.g., Amede et al. 1999; Khazaei et al. 2013; Ali
et al. 2016). However, these investigations have been
largely constrained by the lack of reliable and stand-
ardized phenotyping tools and have often been con-
ducted using low-throughput approaches.

High-Throughput Plant Phenotyping (HTPP)
technologies have revolutionized plant breeding by
enabling rapid, precise, and large-scale assessment
of plant traits under controlled and field conditions.
The HTPP platforms leverage advanced imaging
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technologies, such as visible light RedGreenBlue
(RGB) imaging, thermal imaging, hyperspectral
imaging, and chlorophyll fluorometry, to provide
detailed insights into the physiological, morphologi-
cal, and biochemical responses of plants to drought
stress (Kim et al. 2021; Gill et al. 2022; Mansoor
and Chung 2024; Sozzani et al. 2014). The HTPP
facilitates the characterization of key traits related to
shoot and root architecture (Nagel et al. 2012), and
physiological adaptation to water stress (Shapigu-
zov et al. 2026). These platforms allow researchers
to identify drought adapted germplasm and enhance
genetic research by integrating phenotyping and
genotyping data (Roitch et al. 2022; Al-Tamimi et al.
2022; Anshori et al. 2023). Integrated image analysis
and machine learning has recently enabled the assess-
ment of large populations of faba bean under natural
field conditions (Ji et al. 2024). Furthermore, digi-
tal phenotyping tools and protocols, for example to
measure digital biomass, have been more developed
and applied in cereals (Neumann et al. 2015; Dodig
et al. 2021) than in grain legumes.

Despite the potential of HTPP technologies, field-
based phenotyping remains resource-intensive and
is often challenged by the inherent variability in
drought onset, duration, and intensity. To address
these challenges, researchers have employed innova-
tive approaches such as mobile field rainout shelters
(Mohammadi et al. 2024; Balko et al. 2023). Outdoor
and indoor HTPP approaches are complementary,
as indoor facilities enable controlled, high-precision
monitoring of plant traits under controlled environ-
mental conditions, while outdoor platforms capture
plant performance under field conditions.

To better understand the response of faba bean
above-ground to water deficit, we utilized an indoor
HTPP facility, which allowed automated watering and
precise water deficit treatment. The National Plant
Phenotyping Infrastructure (NaPPI), a state-of-the-
art indoor facility at the University of Helsinki, Fin-
land, was used to monitor plant stress responses using
visible-light RGB cameras and chlorophyll fluorom-
etry (Alexandersson et al. 2018; Pollari et al. 2022;
Chovancek et al. 2025). The aims of this study were
to (i) characterise phenotypic variation in a faba bean
germplasm collection for growth dynamics, biologi-
cal and digital biomass, water use efficiency (WUE),
and chlorophyll fluorescence parameters under well
watered and water deficit; (ii) assess the potential of
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image-derived digital biomass and digital WUE to
function as non-destructive proxies for their biologi-
cal counterparts in this species, and (iii) apply time-
resolved generalized additive modelling to classify
genotypes by the timing of growth responses to water
deficit.

Materials and methods
Plant material

Forty-four faba bean genotypes were used in this
study. Information on genotype identification, origin
and collection sites are presented in Table S1. The
material includes both large-seeded garden types
and smaller seeded fodder types and originated from
Nordic countries and northern Europe. Seed of lan-
draces from Finland and Sweden (Leino 2023) were
directly obtained from the Nordic genebank (Nor-
dGen; Alnarp, Sweden). Genotypes ILB 938/2 and
Mélodie/2 were added to the set as benchmarks for
high water use efficiency and Aurora/2 as a cultivar
with low water use efficiency (Khazaei et al. 2014
and 2018).

Growing conditions

The plants were grown in a plexiglass greenhouse
within the Viikki Plant Growth Facilities (ViGOR),
University of Helsinki, Finland. The growth condi-
tions were set to a 16h light and 8h dark photoper-
iod, with day and night air temperatures set at 21 C
and 16 C, respectively, and a target relative humid-
ity (RH) of approximately 60%. A photosynthetic
photon flux density of approximately 250-300 pumol.
m~2.s~! was maintained at the canopy level by high-
pressure sodium lamps. Environmental conditions
inside the greenhouse were logged every minute
throughout the experiment. Across the experimental
period, mean daytime values were 22.8 °C, 46.1%
RH; mean nighttime values were 18.9 °C and 55.4%
RH. The corresponding mean vapour pressure deficit
(VPD) was 1.53 kPa during the day and 0.99 kPa at
night, indicating moderate to occasionally high evap-
orative demand. All conditions were uniform across
treatments and genotypes. Seeds of all 44 genotypes
were sown in three batches in October 2024, in 5 L
pots filled with peat-based potting mix (Karkea

Ruukutusseos, W R8014, Kekkild Oy, Vantaa, Fin-
land). Before sowing, they were inoculated with
Rhizobium leguminosarum biovar. viciae (Elomestari
Oy, Tornio, Finland). The 264 pots were divided into
three batches each containing one pot (having 1 plant)
for the well watered treatment and one for the water
deficit treatment. To minimise potential positional
effects within the greenhouse, pots were assigned
to positions within each batch in a fully randomised
order at the start of the experiment. Batches were
then rotated weekly across greenhouse positions as a
unit, ensuring that no batch remained in the same spa-
tial position for more than one week throughout the
experiment.

Water deficit treatment

During the first seven days after germination (DAG),
all the pots were watered to reach field capacity to
allow proper seed germination. Prior to the experi-
ment, the water holding capacity (WHC) of the peat
was determined by weighing equally soil filled pots,
saturated with water and allowed to drain freely for
24h (equivalent to field capacity), representing 100%
of the WHC. Then the same pots were completely
oven-dried to 0% of the WHC and weighed. These
established the relationship between pot weight and
actual water content (%) used to monitor soil WHC%
during the experiment (Figure S1). For the experi-
ment the soil in each pot was weighed to ensure uni-
formity. This standardized approach minimized varia-
tion in soil volume, providing consistent water levels
for all plants. The pots were covered with blue mat to
limit evaporation and facilitate plant imaging. Auto-
mated watering by weighing allowed daily recording
of pot weights, enabling calculation of both water loss
between consecutive days (g) and the amount of water
supplied. The plants were subsequently subjected to
two distinct water regimes: 80% of the WHC as the
control treatment and 30% of the WHC as the water
deficit treatment, which was gradually achieved by 20
DAG. The 30% WHC level was selected based on pre-
liminary trials in which 25% WHC caused excessive
stress and rapid decline in several genotypes, whereas
30% WHC produced a stable, moderate drought level
suitable for differentiating genotype responses with-
out inducing premature plant failure. These watering
levels were maintained for 10 days (Fig. 1). After
31 DAG, the water deficit treatment was intensified

@ Springer



202 Page 4 of 14

Genet Resour Crop Evol (2026) 73:202

¥ ¥

RGB imaging (weekly)
L

ChlIF (33-35 DAG)

v i,

L
WHC-80% 80% of the WHC — Well-Watered

WHC-30% § Withholding Water 30% of the WHC 20% 30%

Stop 30% WHC 20% WHC 30% WHC
watering reached imposed restored
(DAG 7) (DAG 20) (DAG 31) (DAG 35)
I 1  § ] T T 1 T 1
4 14 20 28 31 35 3839

Days After Germination (DAG)

I WHC-80% (control)

BN WHC-30% induction (80%-30%)

Fig. 1 Water stress treatment and measurements during the
experiment. Two treatments were maintained from days after
germination (DAG) 7 until harvest at DAG 39: a well-watered
control (WHC-80%, upper track, blue) held continuously at
80% of the water-holding capacity (WHC), and water deficit
treatment (lower track) underwent progressive water withhold-
ing from DAG 7, reaching 30% of the WHC at DAG 20 (gra-
dient shading indicates the induction period), which was then

by reducing the water level to 20% of the WHC for
5 days, in order to amplify stress severity and capture
a broader range of genotypic responses. This step was
planned before the experiment nontheless the timing
and duration were adjusted in real time based on daily
plant monitoring. By 35 DAG, WHC was adjusted
back to 30% and maintained at this level until 39
DAG (Fig. 1 and Figure S1).

Image-based phenotyping

The phenotyping was performed at the National Plant
Phenotyping Infrastructure (NaPPI, http://www.helsi
nki.fi/en/infrastructures/national-plant-phenotyping).
The PlantScreen™ Modular platform is an integrated
system for automated plant imaging and management.
Plants are set in individual transportation disks and
moved between handling, imaging and watering sta-
tions. The feature of watering by weighing allows for
management of water content of the soil (Chovancek
et al. 2025). This phenotyping platform is equipped
with imaging units, for top- and side-view visible
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B WHC-30% maintained
EEE WHC-20% intensification

maintained until DAG 31. A transient intensification to 20% of
the WHC was imposed between DAG 31 and DAG 35 (dark
red), after which soil water content was restored to 30% of
the WHC until harvest. RGB canopy imaging was performed
weekly (green triangles), chlorophyll fluorescence (ChlF)
measurements on three consecutive days (DAG 33-35; purple
squares), and plants harvested at DAG 39 (red star). Dashed
vertical lines indicate key treatment transitions

light RGBs and top-view pulse amplitude modulated
(PAM) chlorophyll fluorometer (FluorCam). Light-
ing conditions, plant positioning, and camera settings
were fixed throughout the experiment. All imaging
and chlorophyll fluorescence sessions were initiated
at 07:00, one hour after the onset of the light period,
ensuring consistent time-of-day conditions across
measurements.

Visible-light digital imaging

The RGB imaging unit is a light-isolated box
equipped with a turning table with precise angle posi-
tioning, RGB cameras using GigE uEye UI-5480SE-
C/M-5 Megapixels QSXGA Camera with 1/2” CMOS
Sensor (IDS, Germany) are supplemented with LED-
based lighting source to ensure homogenous illumi-
nation of the imaged object. Top view RGB images
of the plants were captured at resolution 2560 % 1920
pixels and camera height was automatically adjusted
by a light curtain unit measuring plant height. For
side view projections, line scan camera captured
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images at resolution of 2560x 3476 pixels. Weekly
RGB imaging was performed for all plants, with
additional imaging of individual batches conducted
separately within the same week, for more than five
weeks. Top and side view RGB imaging were used
to capture plant growth parameters such as the can-
opy area, side view area and height during the time
series. The plant surface area was segmented using
pixel colour thresholding of the RGB images and all
growth parameters were automatically analysed by
PlantScreen Data Analyzer v3.2.4.5 (PSI, Drasov,
Czech R.). To facilitate top-view canopy data extrac-
tion, blue rubber mats were placed around each plant
in each pot. Representative examples of segmented
side-view and top-view images under both watering
treatments are shown in Figure S2. During the experi-
ment plant height was determined using the extrac-
tion from the side-view images (RGB1) by counting
the distance between the lowest and highest pixels.
For RGBI1, three photos were taken at each time
point, with two 120° rotations of the plant between
each imaging. Any morphological parameters associ-
ated with side views were calculated as the average
of values derived from the three-angles (0°, 120°, and
240°).

Chlorophyll fluorescence measurements

A top-view Pulse Amplitude Modulated (PAM) chlo-
rophyll a fluorometer (FluorCam FC-800MF, PSI,
Czech Republic), equipped with a dark-adaptation
tunnel and an imaging area of 800X 800 mm, was
used for chlorophyll fluorescence (ChlF) measure-
ments (Tschiersch et al. 2017). The ChIF imaging
was used to monitor plant physiological responses
under well watered and water-deficit conditions by
assessing parameters indicative of photosynthetic effi-
ciency, including the quantum yield of PSII (QY) and
stress-induced heat dissipation, measured as non-pho-
tochemical quenching (NPQ). Measurements were
distributed across three batches over three consecu-
tive days over a period of five weeks.

The ChIF parameters were determined after a
30-min dark period using a quenching protocol
developed with FluorCam 7.0 software (PSI, Drasov,
Czech R.). The quenching protocol consisted of two
phases: initial dark phase and actinic light phase. In
the initial dark-adapted phase, after measuring the
minimal fluorescence (Fo), a saturating pulse was

applied to determine the maximum fluorescence
(Fm). The variable fluorescence (Fv, calculated as Fm
— Fo) was then divided by Fm to obtain the maximum
PSII quantum yield (Fv/Fm). During the subsequent
light-adapted phase, actinic light was applied, and
saturating pulses were used to determine the maxi-
mum fluorescence under light (Fm’) and the steady-
state fluorescence (Fs). The effective quantum yield
of PSII at light steady state (QY_Lss) was calculated
as (Fm'—Fs)/Fm’, providing an estimate of the frac-
tion of absorbed light energy used for photochemis-
try. Non-photochemical quenching at light steady
state (NPQ_Lss) was calculated as (Fm—Fm')/Fm’,
providing a measure of the regulated dissipation of
excess excitation energy as heat (Horton and Ruban
1992).

Calculated parameters

Image-based measurements were used to derive sev-
eral traits that quantify plant responses to drought
stress. To enable meaningful comparisons across gen-
otypes, normalized plant height and digital biomass
were calculated. These represent the relative change,
expressed as a percentage, between water deficit
(WHC-30%) and well watered (WHC-80%) condi-
tions, capturing the extent of growth reduction due to
limited water availability.
The normalized plant height was calculated as:

Normalized plant height (%)
= ((plant height of WHC — 30% /plant height of WHC — 80%) — 1)
x 100

Digital biomass was calculated by combining pixel
areas extracted from three side-view and one top-
view image as an arbitrary volumetric measurement
(Rahaman et al. 2017). Digital biomass is calculated
as:
Digital biomass =

\/ (average of three side view areas)* X top area

Normalized digital biomass, recorded on the final
day of the experiment, were calculated as:

Normalized digital biomass (%) =
((digital biomass of WHC — 30% / digital biomass of WHC — 80%) — 1)

X 100

@ Springer
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Biological biomass (fresh weight and dry
matter)For the endpoint measurements at 39 DAG,
the above-ground parts of the plants were col-
lected into paper bags, and their fresh weights were
recorded with a Mettler PM480 balance (GWB, Ger-
many). After this, the plants were dried in a sample
oven at 80 °C for 72h, and the dry matter content
was recorded on the same balance after two weeks.
These two endpoint measurements represent so-called
biological biomass in our study: biological biomass
(FW) for fresh weight and biological biomass (DM)
for dry matter.

Water use efficiency (WUE)

Daily watering by weighing allowed recording of the
total amount of water given to each plant from 4 to 39
DAGs. We determined the biological WUE by divid-
ing the endpoint biological biomass (DM) produced
(g) by the total amount of water (kg) supplied until
39 DAG. To establish non-destructive method for
the same a digital WUE was calculated by dividing
the digital biomass (volume) by the total amount of
water (kg) provided until 37 DAG, i.e., one day prior
to imaging at 38 DAG.

Data analysis

Each RGB image underwent a fisheye correction
and background exclusion. Data Analyzer v.3.4.17.3
(PSI, Drasov, Czech Republic) was used to man-
age the original images and data and their storage
in the database. Canopy area, side-view areas, and
height data were extracted from the green pixel
measurements by MorphoAnalysis v.1.0.14.4 soft-
ware (PSI, Drasov, Czech Republic). The ChlIF data
were analyzed via FluorCam 7 software (PSl.cz).
The numerical data were processed via homemade
pipelines via Python 3.13 (https://www.python.org).
Two-way ANOVA was performed in JMP Pro 18,
with genotype and treatment as fixed factors (n=3
replicates per genotype X treatment combination,
corresponding to the three sowing batches). All
bar plots were generated using the Seaborn library
(Waskom 2021). Pairwise differences among geno-
types were assessed using Tukey’s honest signifi-
cant difference (HSD) post-hoc test, with compact
letter displays (CLDs) generated via the split-then-
absorb algorithm (Piepho 2004) implemented
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through the pairwise_tukeyhsd function in the
Python statsmodels package (x=0.05). In figures,
bars sharing the same letter are not significantly dif-
ferent from one another, while between-treatment
differences for each accession were assessed using
Welch’s t-test; significance is indicated by brackets
above each genotype pair.

GAM modelling

To assess the dynamic response of genotypes under
water deficit, we applied generalized additive mod-
els (GAMs) with an autoregressive error structure.
For each genotype and treatment conditions, a
GAM was fitted using the mgcv package in R (Wood
2011), based on plant height and digital biomass
data. The model residuals were inspected for tempo-
ral autocorrelation using the estimated lag-1 auto-
correlation coefficient (p). When p exceeded 0.2,
the model was refitted using mgcv::bam() including
a first-order autoregressive [AR(1)] term to account
for serial dependence across measurement days.
This correction was applied to models for both plant
height and digital biomass across all 44 genotypes,
as all genotypes exceeded the p>0.2 threshold in
both traits (plant height: p=0.458-0.775; digi-
tal biomass: p=0.360-0.828). To quantify treat-
ment effects, we used the plot_diff function from
the itsadug package (van Rij et al. 2022) to esti-
mate pointwise differences between WHC-30%
and WHC-80% smooths across DAG, evaluated at
100 equally spaced time points. The difference was
considered significant when its 95% confidence
interval did not overlap zero. For plant height, the
onset of divergence, defined as the first evaluated
time point at which the lower bound of the 95% CI
exceeded zero, was recorded as the drought impact
day for each genotype, and genotypes were classi-
fied as early responders (divergence <20 DAG) or
late responders (divergence > 20 DAG). This thresh-
old corresponds to the day at which the WHC-30%
treatment level was first achieved (Fig. 1), and
coincides with a natural break in the observed dis-
tribution of onset days. The precision of this onset
estimate is bounded by the evaluation grid resolu-
tion (~0.35 DAG per step), representing the maxi-
mum timing uncertainty for any genotype. Smooth
response curves were visualized alongside observed
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means and standard deviations using ggplot2
(Wickham 2016). All analyses were conducted in R
version 4.3.3 (R Core Team 2025).

Results
Plant height

Water deficit treatment significantly reduced plant
height for all the studied genotypes (P <0.001;
Table S2a), as visualized by the GAM-modelled
trajectories in Figure S3. The pointwise difference
for plant height among genotypes in well watered

and water deficit treatments, estimated from the
fitted GAM smooths, are presented in Figure S4,
expressed in absolute units (cm), as the purpose
of this analysis is to identify the day of significant
treatment divergence rather than to compare geno-
types by the magnitude of their drought response.
Based on the first day of significant divergence,
half of the genotypes showed an onset of treat-
ment divergence before 20 DAG. In contrast, some
genotypes such as Romfartuna, Lovanger, and
Dalabona responded after 20 DAG to water defi-
cit (Fig. 2). The results showed that water deficit
treatment caused significant reduction in normal-
ized plant height. Among the studied genotypes,
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Lovanger, Kirra, Romfartuna, Imatra me0101, and
AP8308100101 had lowest reduction in normal-
ized plant height under water deficit conditions
(Table S2b; Fig. 3).

Digital biomass
Water deficit treatment significantly reduced digi-
tal biomass for all the studied genotypes (P <0.001)

(Table S2a). For all genotypes the digital biomass
was calculated as time series under both well watered
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studied genotypes, Romfartuna, and Primus had low-
est reduction in digital biomass under water deficit
conditions (Fig. 4).

Biological WUE
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Aurora (reference genotype for low WUE) (Fig. 5;
Table S2b). Genotypes Lovanger, Fuego, and Suon-
takainen me0302 had highest biological WUE under
water deficit conditions, although pairwise compari-
sons did not reveal statistically significant differences
from all other genotypes (Table S2b; Fig. 5).

Digital WUE

Similar to biological WUE, the digital WUE sig-
nificantly varied across all faba bean genotypes
(Table S2b). Under water-deficit conditions, ILB
938/2 ranked among the genotypes with high digital
WUE, while Aurora/2 is among those with the lowest
value (Fig. 6). However, not all genotypes followed
the same trend as observed for the biological WUE.

Chlorophyll fluorescence imaging

The ChIF measurements among all faba bean geno-
types showed significant reduction in the effective
quantum yield (QY_Lss) and an increase in non-pho-
tochemical quenching (NPQ_Lss) parameters, indica-
tive of photosynthetic efficiency and stress induced
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heat dissipation, respectively (Fig. 7; Table S2a and
b).

Relationships among the studied parameters

The correlation matrix is presented in Fig. 8 show-
ing the relationships among studied parameters. Both
digital biomass and biological biomass were meas-
ured and correlated among the endpoint measure-
ments, including biological biomass (FW), biological
biomass (DM), and other measured traits between the
two water treatments. Digital biomass showed strong
correlations with both biological biomass (DM)
(r=0.71) and biological biomass (FW) (r=0.66)
under water deficit conditions, and even stronger cor-
relations under well watered conditions (r=0.74).
In contrast, plant height showed only a moderate
correlation with biomass traits [biological biomass
(FW): r=0.31-0.42 (water deficit and well watered
conditions, respectively); biological biomass (DM):
r=0.47-0.53 (water deficit and well watered condi-
tions, respectively)], indicating its limited reliability
as a predictor of final biomass. Digital WUE showed
only moderate correlation with biological WUE
under water deficit conditions (r=0.56). The ChIF
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Fig. 7 Chlorophyll fluorescence measured at 39 days after
germination under well watered (blue) and water deficit
(orange) conditions. A Effective quantum yield of PSII at light
steady state (QY_Lss). B Non-photochemical quenching at

parameters showed overall weak correlations with the
morphological traits under water deficit conditions.

Discussion

Here, we present a case study in which a relatively
large faba bean germplasm collection was subjected
to water deficit stress screened in a controlled envi-
ronment, by using advanced imaging technologies.
Building on multi-side imaging capabilities, we
explored for the first time how digital biomass cor-
relates with traditional biological measurements in
faba bean. Our results revealed a strong positive cor-
relation between the digital and biological biomass at
the endpoint, validating that digital biomass can serve
as a proxy for assessing the plant growth responses
of faba bean during water deficit in controlled envi-
ronments. Importantly, this relationship reflects phe-
notypic variation under imposed stress rather than
intrinsic superiority of genotypes under field drought
conditions. Digital biomass derived from digital top-
and side-view images has been used to predict plant
biological biomass evolution in barley and maize
(e.g., Klukas et al. 2014; Chen et al. 2014; Neumann
et al. 2015) and to monitor the effects of biostimu-
lants on drought stress in tomatoes (e.g., Chovancek

@ Springer

light steady state (NPQ_Lss). Brackets above each accession
indicate significant between-treatment differences (Welch’s
t-test: *P<0.05, **P <0.01, ***P <0.001; ns, not significant)

et al. 2025) and the salinity response in safflower
(Thoday-Kennedy et al. 2021).

WUE is one of the key traits in drought adaptation,
as it reflects a plant’s ability to maintain productiv-
ity under limited water availability (Blum 2009).
High WUE indicates that a plant can assimilate more
biomass per unit of water consumed, making it a
valuable target for breeding crops better adapted to
water-limited environments. WUE is a complex trait,
and it is highly influenced by multiple physiologi-
cal and morphological factors. An increase in WUE
does not always translate directly into higher yield
under field conditions (e.g., Hatfield and Dold 2019).
In this study, we used ILB 938/2 and M¢élodie/2 as
known genotypes with high WUE and Aurora/2 as a
poor WUE genotype (Khazaei et al. 2013; Khan et al.
2007; Mandour et al. 2023). Our results confirmed
that these genotypes maintained their expected WUE
also under controlled growing conditions. This high-
lights the ability of the phenotyping facility to screen
a germplasm collection. The digital biomass and pre-
cise recording of the watering events during the entire
experiment allowed us to calculate digital WUE but
it was only moderately correlated with biological
WUE under water deficit condition, indicating impor-
tant limitations in its use as a proxy. This discrepancy
likely reflects differences in tissue density that are not
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Fig. 8 Correlation matrix of the studied parameters. The val-
ues are Pearson’s correlation coefficients (r) for traits under
well watered (WHC-80%, top) and water-stress (WHC-30%,

captured by image-derived traits, drought-induced
changes in plant architecture affecting the relationship
between projected area and biomass, and temporal
mismatches between time-resolved digital measure-
ments and endpoint-based biological biomass assess-
ments. These results suggest that while digital WUE
is useful for HTPP screening, it should be interpreted
with caution and not considered a direct substitute for
biological WUE.

ChIF parameters showed weak correlations with
growth-related traits, which may reflect a decoupling
between photosynthetic performance and biomass
accumulation under water deficit stress (Lawson and

Pearson r
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bottom) conditions. The average values of the measurements
across genotypes and treatments are presented in Table S2b

Vialet-Chabrand 2019). This may also be influenced
by the use of discrete measurement time points,
which do not fully capture the dynamic nature of
photosynthetic responses to stress. ChlF parameters
are highly sensitive to short-term environmental fluc-
tuations and may therefore not directly translate into
cumulative growth outcomes when assessed at lim-
ited time points (Murchie and Lawson 2013). Time-
resolved analysis of ChlF parameters could provide
more detailed insights into stress progression and
genotype-specific responses, particularly when inte-
grated with growth dynamics derived from imaging
data.
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A large proportion of the genotypes used in this
study are landraces recently collected from home
gardens and small-scale farms in Finland and Swe-
den (Leino 2023) making them highly variable in
the context of outcrossing rates. The HTPP facil-
ity enabled time-resolved classification of genotypes
based on plant height trajectories under water defi-
cit using GAMs and pointwise significance analysis.
This temporal classification, applied to plant height
trajectories, revealed variation in water stress sensi-
tivity, with early responders showing rapid reduction
in height growth shortly after water withdrawal, and
late responders maintaining height increase until soil
moisture dropped below critical levels. These patterns
highlight differences in drought adaptation strate-
gies among genotypes. Late water deficit responding
landraces such as Lovanger and Romfartuna could
potentially be used in breeding efforts toward more
drought adapted faba beans. Both accessions origi-
nated from Sweden and are characterized by early
maturity. The water deficit imposed in this study rep-
resents a gradual and moderate stress scenario. There-
fore, the responses observed here reflect early-stage
drought adaptation under controlled growing condi-
tions. While this approach enables precise and repro-
ducible phenotyping, it may not fully capture plant
responses to more intense or prolonged drought stress
typically experienced under field conditions. Our
results allowed characterising faba bean genotypes
that may be used as pre-breeding materials for breed-
ing drought-adapted germplasm.

Conclusions

This study investigated the water deficit response
of a faba bean collection using an automated indoor
HTPP phenotyping facility under controlled envi-
ronmental conditions. Our results, derived from
optimized data analysis methodologies, demonstrate
that high-throughput indoor phenotyping platforms
can potentially screen germplasm collections for
drought adaptation-related traits while also enabling
the identification of additional traits such as WUE,
digital biomass, and growth dynamics. These find-
ings support the integration of HTPP into routine
crop improvement pipelines, thereby accelerating the
development of climate-resilient faba bean cultivars.
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