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Abstract
As climate changes, maintenance of yield stability requires efficient selection for 
drought tolerance. Drought-tolerant cultivars have been successfully but slowly bred 
by yield-based selection in arid environments. Marker-assisted selection accelerates 
breeding but is less effective for polygenic traits. Therefore, we investigated a selec-
tion based on phenotypic markers derived from automatic phenotyping systems. Our 
trial comprised 64 potato genotypes previously characterised for drought tolerance 
in ten trials representing Central European drought stress scenarios. In two trials, 
an automobile LIDAR system continuously monitored shoot development under 
optimal (C) and reduced (S) water supply. Six 3D images per day provided time 
courses of plant height (PH), leaf area (A3D), projected leaf area (A2D) and leaf 
angle (LA). The evaluation workflow employed logistic regression to estimate initial 
slope (k), inflection point (Tm) and maximum (Mx) for the growth curves of PH 
and A2D. Genotype × environment interaction affected all parameters significantly. 
Tm(A2D)s and Mx(A2D)s correlated significantly positive with drought tolerance, 
and Mx(PH)s correlated negatively. Drought tolerance was not associated with  LAc, 
but correlated significantly with the  LAs during late night and at dawn. Drought-tol-
erant genotypes had a lower  LAs than drought-sensitive genotypes, thus resembling 
unstressed plants. The decision tree model selected Tm(A2D)s and Mx(PH)c as the 
most important parameters for tolerance class prediction. The model predicted sen-
sitive genotypes more reliably than tolerant genotype and may thus complement the 
previously published model based on leaf metabolites/transcripts.
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Introduction

Agricultural drought stress occurs when water supply by precipitation and soil 
water reserves does not meet the crop’s water demand (West et al. 2019). Drought 
is driven by precipitation and by evapotranspiration rates, which increase with 
air temperature. Models on global climate change predict rising air temperature 
and altered precipitation patterns, thus increasing the likelihood of drought events 
(Harrison et  al. 2014). Yield limitation by drought will threaten food security 
(Basu et al. 2016; Farooq et al. 2009). Water-efficient and drought-tolerant crops 
that produce stable yields under reduced water supply would alleviate the prob-
lem. Potato (Solanum tuberosum) is highly water efficient (Aliche et  al.  2018), 
making potato together with cassava and maize the most important staple crops in 
water-limited agroenvironments. However, Solanum tuberosum ssp. tuberosum is 
highly sensitive to soil water deficits, which result in stomatal closure and reduce 
photosynthesis at relatively high leaf water potentials (Aliche et  al. 2018). The 
genepools of both the Andean relative of Solanum tuberosum (Schafleitner et al. 
2007) and modern tetraploid Solanum tuberosum ssp. tuberosum cultivars (Ali-
che et al. 2018; Sprenger et al. 2015) contain genes that increase yield stability 
under arid conditions. However, breeding for drought tolerance is challenging, 
as tolerance is a multigene trait, with a substantial interaction between genotype 
and environment, stress timing and stress intensity (Tardieu 2012). Furthermore, 
drought response interacts with other abiotic stressors like heat (Millet et  al. 
2016). Direct selection for yield in arid environment was effective, but is very 
time-consuming due to the need for repeated yield trials in the target environ-
ment (Richards et al. 2014). This triggered the quest for secondary traits that are 
easily measureable, highly heritable and genetically correlated with yield (Bän-
ziger et al. 2006; Lafitte et al. 2003). Obviously, DNA markers are highly herit-
able and easily measurable already in seedlings. DNA markers comprise single 
QTL-markers for marker-assisted selection (MAS) or multigene information for 
genomic selection. QTL-marker-based selection has been very successful for the 
selection of traits that rely on single genes, especially disease resistance in potato 
and submergence resistance in rice (Oladosu et  al. 2020; Slater et  al. 2014; Xu 
et  al. 2006). In segregating rice populations, QTL explain a high percentage of 
yield variation under drought conditions (Venuprasad et al. 2009). However, there 
are only limited examples of successful breeding for drought tolerance or yield 
based on QTL markers alone (Beyene et al. 2019; Hammer et al. 2006; Rauf et al. 
2016). Genomic selection is highly successful in breeding for complex traits, but 
model parameterisation requires huge datasets containing both genomic and phe-
notypic information (Hayes et  al. 2009). While sequencing costs have dropped, 
phenotyping remains a bottleneck (Furbank & Tester 2011; Rauf et  al. 2016). 
This bottleneck is especially tight in drought tolerance models, as training data-
sets have to be produced on many genotypes in the target environment or in man-
aged field trials. As an alternative to genomic markers for yield prediction, mor-
phological, physiological or biochemical markers have been suggested (Lafitte 
et  al. 2003; Rauf et  al. 2016). If these markers are less sensitive to the genetic 
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background than DNA markers (de Roos et al. 2009), the transfer of the predic-
tion models between populations will be facilitated. In maize, metabolite profil-
ing on 289 inbred lines revealed a strong association between lignin precursor 
metabolites and plant height or dry matter yield (Riedelsheimer et al. 2012). In 
commercial potato cultivars, drought tolerance, estimated as yield stability, was 
predicted from leaf metabolite and transcript data with an accuracy of more than 
90% independent of the agroenvironment (Sprenger et  al. 2018). We used this 
model in a subsequent validation experiment to select for and against drought 
tolerance from a segregating population (Haas et  al. 2020). To mimic selection 
in arid environments, we selected additional drought-tolerant lines based on yield 
data from three drought trials. The subsequent drought tolerance quantification 
in 10 multi-environment trials revealed an overrepresentation of tolerant lines 
in both populations selected for superior tolerance. The transcript/metabolite 
marker-based selection allowed selection in an earlier stage and independent of 
drought treatment. However, it was inefficient in selecting against sensitive geno-
types (Haas et al. 2020). A second layer of selection based on morphological or 
physiological markers may solve the problem. Among the morphological traits 
associated with yield and drought tolerance are canopy development parameters, 
the stay-green trait and the canopy temperature (Aliche et al. 2018; Bojacá et al. 
2011; Jensen et al. 2010; Prashar et al. 2013). Automatic phenotyping platforms 
allow quantifying these traits in a limited set of phenotypes with high tempo-
ral resolution in controlled environments (Berger et al. 2012; Furbank and Tester 
2011; Granier et al. 2006; Junker et al. 2015). RGB-images taken under standard-
ised light conditions provide estimates of plant height, shoot and leaf area (Berger 
et al. 2012; Granier et al. 2006; Junker et al. 2015). The required standardisation 
impedes the use of the method under field conditions, where light intensities and 
qualities change rapidly. On the other end of the scale, remote sensing by satellite-
based infrared and microwave sensors assess vegetation cover and standardised 
precipitation index to predict drought events (Jindo et al. 2021; West et al. 2019), 
employing the close correlation between infrared reflection and canopy cover 
(Haverkort et al. 1991). The spatial resolution has been improved to a few metre, 
but the correlation between remotely measured vegetation indices and yield are 
still weak (Kempenaar et al. 2017; West et al. 2019). Thus, close range measure-
ments are still phenotyping options for yield prediction. Therefore, we decided 
to use close-range sensors that moved every 4 h above the canopy of the test plot 
on an automobile irrigation beam (Fieldscan, Phenospex). The system measured 
canopy development in a polytunnel under naturally variable environmental con-
ditions, in which potatoes were cultivated under optimal and reduced irrigation. 
As light conditions were highly variable, we decided against RGB imaging and 
for the commercial, laser-scanner based system Planteye (Phenospex). We phe-
notyped a population of potato lines segregating for drought tolerance for several 
weeks with the aim to identify morphological markers for drought tolerance.
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Material and Methods

Drought Stress Trial

LIDAR measurements were performed in two drought stress experiments (B4 and 
B6, see Supplemental Table S1). These experiments were part of a series of 14 con-
tainer and field trials, in which the drought tolerance of 64 Solanum tuberosum ssp. 
tuberosum genotypes was determined. The test population comprised 60 genotypes 
selected from two crosses between the drought-tolerant cultivar A and two drought-
sensitive potato cultivars E and R, the drought-tolerant check cultivar Desiree and 
the three parent cultivar (details of the pedigree see Supplemental Table  S2 and 
(Haas et al. 2020)). The maturity group of the population was medium.

The experiments were performed in the polytunnel of the Max Planck Institute of 
Molecular Plant Physiology in Potsdam-Golm, Germany (52° 23′ 55″ N 13° 03′ 56″ 
E) in spring 2015 (B4, Id 72247) and 2016 (B6, Id 76240) (details see Supplemen-
tal Table S1). Micro-propagated cuttings were pre-cultivated as described in Sprenger 
et al. (2015) and transferred to 30-l big-bags filled with a peat-based potato substrate 
fertilised with 30 g Novatec classic per bag (see Fig. 1a). The design was a randomised 
split-plot design, with one block for optimal water supply (40–60% of field capacity, 

Fig. 1  Automatic phenotyping on potato genotypes subjected to drought stress in a screenhouse experi-
ment at the MPI-MP (Potsdam-Golm). Experimental setup with plants growing in big-bags, irrigation 
with drip-irrigation system. b Fieldscan (Phenospex) with PlantEye laserscanner. c and d optimally 
watered (left) and drought-stressed plants (right) before (C. 19.05.16) and after (D. 30.06.16) onset of 
shoot lodging (notice shoots on the pavement)
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control) and one block for reduced water supply (stress). In 2015, 6 pots per treatment 
and genotype were grouped in two randomised subplot of three pots. In 2015, 5 pots 
per treatment and genotyped were fully randomised. Two weeks after transfer, the 
water supply to the stress block was reduced to 50% of the volume received by the con-
trol block by reducing the frequency of water supplies compared to the control (details 
see Table 1 and Fig. 2d). An injector-based line-irrigation system (model CNL 8 l/h, 
combined with arrow dripper system Cobra-LF, Netafim) supplied water up to three 
times per week. PlantCare soil moisture sensors measured the soil moisture every hour 
(see Fig. S1). At the end of the experiments, the shoots were removed and the tubers 
harvested, weighed and counted. The tuber starch content was determined with a starch 
balance (Type E6100, MEKU). All yield data are available at Edal (Köhl 2018).

Tuber starch yield (SY) was determined as the product of starch content and tuber 
mass for each pot. After correction for outliers, relative tuber starch yield (RelSY) 
was calculated for each pot by dividing starch yield by the mean starch yield obtained 
for the respective genotype under optimal water supply. The drought tolerance index 
DRYMp (see Eq. 1) was calculated for each genotype (G) and experiment (E) by nor-
malising RelSY of each replicate to the median of the three parent cultivars (Haas et al. 
2020).

The stress index SI was calculated for each experiment as follows (0 = no stress):

(1)DRYMp
GxEi

= RelSY
GxEi

− median(RelSY
G=parentEi)

(2)SIEI = 1 − ReISYEi

Table 1  Meteorological characterisation of drought stress experiments. Experiment B4 (Id 72247) 
was conducted between 9.4.2015 and 19.07.2015, experiment B6 (Id 76240) between 14.04.2016 and 
17.07.2016. Interval 1 = before flowering, 2 flowering to end of measurements, 3 end of measurements to 
harvest. VPD vapour pressure deficit, Cum cumulative sum, Tmin minimum air temperature, Tmax maxi-
mum air temperature. Thermal sum, see the “Material and methods” section

Year 2015 2016

Interval 1 2 3 1 2 3
Number of days 45 20 33 47 12 33
Median VPD (kPa) 1.6 2.4 1.9 1.6 2.5 2.1
Max(Cum_VPD) (kPa) 75 122 194 83 115 186
Max (Cum thermal sum) 540 881 1489 600 842 1460
Median (Tmin) (°C) 9.7 13.9 17.8 11.9 17.8 17.6
Median (Tmax) (°C) 24.0 29.6 30.9 24.9 32.0 30.3
Number (days with Tmax > 30 °C) 1 10 19 11 8 18
Mean light sum (mol  m−2  d−1) 25 29 26 26 31 26
Water supply (C) (l) 28 27 26 32 12 28
Water supply (S) (l) 15 10 14 19 6 15
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Microclimate Measurements

Light intensity, air temperature and humidity (Fig. 2) were measured continuously 
and logged with a P22 data logger (UP Umweltanalytische Produkte) (Haas et  al. 
2020). After an outlier control, cumulative thermal sums were calculated as the sum 
of daily thermal sum from the day of planting to the actual day. The daily thermal 
sum was calculated as the mean of the daily minimum  (Tmin) and maximum  (Tmax) 
temperature, with a base temperature of 6  °C and maximum temperatures above 
30 °C set to 30 °C (Haas et al. 2020; Jefferies & MacKerron 1987).

The daily midday vapour pressure deficit VPD was calculated as median of the 
VPD in the time interval 10–14 CET and summarised as the cumulative VPD from 
planting date to the actual day as described in Haas et al. (2020). Original data are 
available at Edal (Köhl 2018).

LIDAR Measurements

The LIDAR measurements were performed with two PlantEye (Model F400, Pheno-
spex, Heerlen) infrared (IR) laser scanners, which were moved over the plant canopy 
by a Fieldscan (Phenospex) system (see Fig. 1b) every 4 h (6 measurements/24 h). 
During the measurement, the Fieldscan moved the laser scanners with a speed of 

Fig. 2  Meteorological conditions and water supply in experiments 2015 and 2016. Day = day of the 
year. a Daily median of the vapour pressure deficit of the air (VPD) in time interval 10:00–14:00 plotted 
against day of the year. b Daily minimum and maximum of air temperature. c Daily sum of photosyn-
thetically available radiation. d Cumulative water supply to control (c) and drought stressed (s) plants
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35 mm/s. The measurements were performed between 22 and 60 days from plant-
ing (DFP) in 2015 and between 5 and 76 DFP in 2016. The PlantEye’s Hortcon-
trol software (Phenospex) separated the continuous 3D point cloud into distinct 3D 
images based on the timestamps of the LIDAR measurements and the spatial design 
data. The Hortcontrol software estimates the features plant height (PH), 3D leaf area 
(A3D), projection of the leaf area on the ground (A2D) and leaf angle (LA) from 
the 3D image, links the estimates to the metadata and stores the data with the date 
and time information in a PostgreSQL database. The metadata contained treatment 
information and the unique plant identifier that links to the pedigree information in 
the plant database of the MPI-MP (Köhl et al. 2008). Original LIDAR data are avail-
able at Köhl et al. (2022).

Evaluation of Laser Scanner Data

Supplemental figure S2a depicts the schematic overview over the evaluation work-
flow for LIDAR. We downloaded data from the PlantEye database as csv file, 
uploaded them to SAS (version 9.4, SAS-Institute) and joined them with the plant 
pedigree and tolerance information. SAS scripts for data evaluation are available on 
request from the corresponding author.

Quality Control and Descriptive Statistics

Chronological plant age was calculated as the difference between the measurement 
date minus the planting date. For visual quality control, we plotted the raw data of 
the features PH, A3D, A2D and LA against the time of measurement for each geno-
type to determine the time range, in which we could obtain reliable data (see the 
“Results” section, quality control). Observations with a LA < 0 and visible outliers 
in any of the three features were excluded from further analysis. The data evaluation 
window was restricted to the time interval 27 to 50 DAP in 2015 and 20 to 50 DAP 
in 2016.

After quality control, the descriptive parameters’ daily mean (av), standard devia-
tion (std), median (md), maximum (max), minimum (min) and range (r) were cal-
culated for the features PH, A3D, A2D and LA (Proc Means). The effect of treat-
ment, genotype, treatment × genotype and plant age on these parameters was tested 
by analysis of covariance (ANCOVA) with plant age as covariate (Proc Glm). As the 
age effect on LA was very different from that on the features PH, A3D and A2D, we 
employed different approaches for the subsequent data analysis.

Non‑Linear Regression

Non-linear regression was performed on the relationship between daily medians 
(md) of the features PH or A2D and plant age, as these curves resembled saturation 
curves. To select against observations affected by plant lodging, maxima of mdPH 
and mdA2D and the plant age, at which the maximum value was achieved, were 
calculated. Observations, at which the plant age was higher than this threshold, were 
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removed from the dataset when mdPH < 0.85 max (mdPH) (right censoring). Linear 
(Proc Reg) and non-linear regression (Proc Nlin) were calculated for the parameters 
md(PH) and md(A2D) of each replicate plant. The following non-linear regression 
equations (Archontoulis & Miguez 2014) were tested on a subset of data from 2015.

E3 beta function:

E4 Weibull regression:

E5 Verhulst logistic regression:

E6 Richard’s logistic regression:

Verhulst logistic regression (E5) was calculated for all replicates and yielded the 
parameters Mx(PH), k(PH), Tm(PH) for plant height and Mx(A2D), k(A2D) and 
Tm(A2D) for A2D. The parameter Mx estimates the maximum value of the feature 
height or area. The inflection point (Tm) is the plant age, at which the slope of the 
curve starts decreasing. The slope k estimates the initial growth rate. Figure 4f  illus-
trates all parameters. In an additional quality control step after regression, we excluded 
those datasets where the difference between the maximum height that was calculated 
from the daily median (max) and the maximum height estimated by logistic regression 
(Mx) was larger than 200 mm. After the outlier control, an analysis of variance was per-
formed for the effects of genotype, treatment and their interaction on all six parameters.

Correlation Analysis

For correlation analysis, we calculated the median of the regression parameters of 
the features PH and A2D and the parameter average (av) and standard deviations of 
the feature LA for each of the 64 genotypes, two treatments and both experiment. 
A Spearman correlation analysis (Proc Corr) was calculated for these parameters 
and the median drought tolerance index DRYMp calculated from starch yield data 
in three big-bag experiments (DRYMp_B), three pot experiments (DRYMp_P) and 
seven field experiments (DRYMp_F) (Haas et al 2020).

Drought Tolerance Assessment Based on Tuber Starch Yield

Drought tolerance was assessed based on tuber starch yields. Tuber yields and 
starch yields were significantly higher in 2015 than in 2016 (Fig. 3), presumably 
due to the increased heat stress in 2016 (Table  1). In both years, the drought 

md(X) = Mx(X)(1 + (te − t)∕(te − tm))(
t

te
)
(te∕(tc−tm)

md(X) = Mx(X)(1 − exp(−a(X)tb))

mdX = Mx(X)∕(1 + exp(−k(X)(t − Tm(X))

md(X) = Mx(X)∕(1 + v(X)exp(−k(x)(t − Tm(X)))1∕v(X)
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stress significantly decreased tuber fresh weight and starch yield, resulting in 
drought stress indices (SI) of 0.6 in 2015 and of 0.54 in 2016. The significant 
genotype × treatment interaction on yield in both years indicated a significant 
genetic variation for drought tolerance in the population. The drought tolerance 
index DRYMp (see the “Material and methods” section, Eq. 1) was calculated 
for each genotype based on the starch yield data of 2015 or 2016 (Fig. 3c). The 
comparison of the DRYMp distribution showed large differences between lines 
and considerable variation between years. The differences between years may 
result from insufficient sample size for tolerance assessment in a single exper-
iment (Köhl et  al. 2021). Based on the data from experiments F3 to F8 (see 
Table  S1), Köhl et  al. (2021) showed that a minimum of three experiments is 
required to achieve a stable tolerance assessment. Therefore, we calculated a 
general DRYMp for each genotype for the three test environments from the com-
bined data of the three (big-bag, pot) or seven (field) experiments; the distri-
bution of which are shown in Fig.  3d. These general DRYMp values were the 
response variables in the analysis to identify and validate phenotyping param-
eters for their power to predict drought tolerance.

c
s

c
s

b

c d

a

Fig. 3  Characterisation of drought tolerance in potato population. a Distribution of tuber fresh weight 
per plant (FW) and (b) tuber starch yield per plant (SY) of 64 potato genotypes cultivated under optimal 
(c) or reduced (s) water supply in the big-bag test system. c Drought tolerance index DRYMp calculated 
for 64 potato genotypes based on the starch yield data obtained in the big-bag experiments 2015 and 
2016. Pedigree of the genotypes see Supplemental Table S2. d Distribution of drought tolerance index 
DRYMp of 64 potato genotypes in 3 big-bag, 7 field and 3 pot experiments (details see Supplemental 
Table S1)
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Analysis of Diurnal Leaf Movement

The leaf angle is the angle between the leaf plane and a horizontal plane. Low 
leaf angles indicate a horizontal leaf position. Leaf angle data were analysed 
separately for 2015 and 2016. To establish whether the diurnal pattern of leaf 
movement can be used as a predictor for drought tolerance, median leaf angles 
were calculated for six diurnal time intervals (DTI): 1LN (22:30–2:30 UTC), 
2DW (2:30–6:30), 3AM (6:30–10:30), 4PM (10:30–14:30), 5DK (14:30–18:30) 
and 6EN (18:30–22:30). During the experiment, the sunrise varied between 5:28 
CEST (3:28 UTC) and 4:44 CEST (2:44 UTC), the sunset between 20:39 and 
21:29 CEST (18:39 and 19:29 UTC). Analysis of variance (Proc Glm) was per-
formed on the effect of age, genotype, treatment and their interactions on leaf 
angle in the six DTI for both experiments separately. As the analysis revealed a 
strong age effect, age intervals of age < 30 DFP (vegetative), 30 DFP ≤ age ≤ 45 
DFP (flowering) and age > 45 DFP (tuber filling) were defined. Spearman cor-
relation analysis was calculated for DRYMp (big-bag) and the mean leaf angle of 
each genotype separately for the six DTI, three age intervals, both treatments and 
both years. As the timing of dawn and dusk shifted within DTI 2EN and 6DW, 
respectively, age effects are confounded with light intensity effects for these DTI.

hmax = 705

k = 0.19

tm = 35
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Fig. 4  Workflow for the evaluation of growth-related data from repeated laser scanner imaging. a Scan-
ner image. b Raw data of plant height (PH) plotted against plant age DFP (days from planting) for plants 
from four genotypes cultivated under control conditions (blue) or drought stress (red). c Raw data of 
projected leaf area A2D plotted against plant age for plants from four genotypes cultivated under con-
trol conditions (blue) or drought stress (red). d Detail of plant height against plant age of genotype 
22497 showing the diurnal variation in plantheight. e Daily median of plant height plotted against leaf 
age for plants of genotypes 22497. f Logistic regression for the effect of age for a single plant of geno-
type 22497, indicating the logistic regression parameters initial slope (k), age at half maximum plant 
height = inflection point (tm) and maximum plant height Mx (hmax)
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Multivariate Analysis

Principal component analysis (Proc Prinqual) was calculated separately for 2015 
and 2016 with Proc Prinqual. The following variables were included: genotype 
and treatment means and medians of the regression parameters for plant height 
and projected leaf area, the median values of leaf angle in different DTI and age 
classes, the mean of the median values of leaf angle, plant height, leaf area 2D 
and leaf area 3D on day 29, 39 and 49 after sowing (see Supplemental Table S4 
for abbreviations).

For the decision tree analysis (Proc Hpsplit), four of these variables 
(U654PMC, U655DKC, U304PMS, U304PMC) were dropped because of miss-
ing values in several genotypes. The tolerance classes were defined based on the 
mean DRYMp of each genotype calculated from 2015 to 2016 data. The adjusted 
thresholds yielded three tolerance classes of similar size: sensitive (S, 21 geno-
types, DRYMp < 0), intermediate (I 21 genotypes, 0 < DRYMp < 0.095) and tol-
erant (T 20 genotypes DRYMP > 0.095).

Results

Experimental Setup and Climate Conditions

Canopy measurements by a laser scanner were performed in potato drought stress 
trials (Fig. 1 and Supplemental Table S1) on 64 genotypes segregating for drought 
tolerance (details see (Haas et al. 2020)). During the experiment, plants grew in 
big-bags with a substrate volume similar to the soil volume per plant in the field 
trials. Drought stress was imposed by increasing the time interval between subse-
quent irrigations, thus mimicking the situation in the field, where drought stress 
arises from infrequent water supply by rain (Köhl et al. 2021).

Micrometeorological conditions are shown in Fig. 2 and summarised in Table 1 
for the three time intervals 1 = vegetative growth, 2 = onset of flowering to end 
of measurements and 3 end of measurements to haulm destruction. Time inter-
val 2 corresponded to the beginning of tuber production. Both experiments 2015 
and 2016 were similar with respect to light sums and median VPD. However, 
the median of minimum and maximum air temperatures was substantially higher 
in phase 2 of the trial in 2016 compared to 2015. Furthermore, there were more 
hot days (T > 30 °C) in the vegetative phase of 2016. The substantially higher air 
temperature and earlier heat stress delayed development and reduced tuber yield 
in 2016 compared to 2015 (Fig. 3a).
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Data Evaluation Workflow for LIDAR Data

Quality Control

When visually checking raw data of the features plant height (PH) and projec-
tion of the leaf area on the ground (A2D) (Fig. 4b, c), we noticed that data were 
very noisy at the beginning of the experiment (days from planting DFP < 25 days) 
and after DFP > 55. Early noise resulted from difficulties in distinguishing the 
plant from the background, while lodging and intermingling of shoots affected 
estimates in older plants (compare Fig. 1c and d). Therefore, the data evaluation 
window was left and right-censored. When focusing on the raw data from eight 
plants of a single genotype within this window (Fig.  4d), a diurnal rhythm of 
the plant height estimate became apparent. This rhythm resulted from the diur-
nal movement of the leaves (Fig. 5a), which changed from a horizontal position 
during the day to a more vertical position during the night. This process affected 
the position of the uppermost point of the plant and thus the height estimate. To 
get parameter estimates unaffected by leaf movement, we calculated the daily 
median of plant height, leaf area (A3D and A2D) and leaf angle. We chose the 
median over the mean to reduce the outlier effects. The plot of median plant 
height against plant age (Fig. 4e) yielded a saturation curve that represented the 
finite growth of potato shoots. Shoots stopped elongating, when the shoot apical 
meristem converted into an inflorescence. Afterwards, shoot lodging resulted in a 
sudden decrease of shoot height. Height increased again, when the shoots bended 
upwards or side shoots elongated. For each plant, we estimated the threshold, 
above which these processes affected feature estimates, and adjusted the right 
censoring age accordingly (see the “Material and Methods” and “Non-linear 
regression” sections).

The analysis of variance on quality-controlled data revealed a highly significant 
effect of genotype, treatment and plant age on the daily median of plant height (PH), 
leaf area 2d (A2D), leaf area 3d (A3D) and leaf angle (Supplemental Table S3). Sig-
nificant effects of genotype and the genotype × treatment interaction indicate that 
genotypes differ morphologically and in their morphological response to drought 
stress. The effect of age was highest on PH, intermediate on A3D and A2D, and 
lowest on LA. PH and A2D increased rapidly in young plants and reached a satura-
tion value at about 50 DFP. In contrast, leaf angle changed linearly with plant age. 
Different evaluation strategies are thus required for the age-dependent features PH 
and A2D than for LA. Further analysis revealed very close correlations (Pearson 
coefficient > 0.97) between the features A2D and A3D. We therefore concentrate the 
growth curve analysis on A2D and PH.

Logistic Regression

We performed regression analysis on the quality-controlled data set of daily median 
of A2D (md(A2D)) and PH (md(PH)) to obtain growth parameter estimates for each 
of the 764 or 768 plants grown in 2015 or 2016, respectively. Linear regression 
analysis results in high r2 values, but overestimated median PH for DFP < 30 and 
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DFP > 35. We therefore tested four of the regression functions suggested by Archon-
toulis and Miguez (2014), namely beta function (Yin et al. 2003), Weibull regression 
(Weibull 1951), logistic regression (Verhulst 1838) and Richard’s logistic regression 

Fig. 5  Effect of drought stress on the growth parameters distribution of plant height (PH) and leaf area 
2D (A = A2D). Logistic regression of plant height or leaf area on plant age yielded the parameters maxi-
mum (Max), inflection point Tm and slope k for 64 genotypes cultivated under control conditions (C) or 
drought stress (S)
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(Richard1959) on a subset of 48 time series (equations, see the “Material and meth-
ods” section). The model on Weibull and beta function failed to converge for 47 out 
of 48 time series. Logistic regression achieved the highest percentage of converging 
models (47 out of 48). For the complete 2015 data set, logistic regression converged 
for 711 and failed for 53. Among the data sets, which failed to converge, genotype 
899646 was overrepresented. This genotype showed a delayed early development. 
Hence, the regression for this genotype would have required a later time window. 
For 2016 data, regression converged for 738 out of 768 dataset. Among the dataset, 
for which regression failed to converge, stress-treated plants of genotype 22497 and 
899717 were overrepresented. We excluded the check cultivar 22497 from further 
analysis as a genetic and morphological outgroup.

Relationship Between Growth and Drought Tolerance

We analysed the effect on genotype and treatment on the regression parameters ini-
tial slope k, inflection point Tm and maximum Mx (see the “Material and methods” 
section and Fig. 4f) by ANOVA (Table 2). Mx(PH) and Mx(A2D) were significantly 
affected by genotype, treatment and their interaction in 2015 and 2016. In both 
years, Mx(PH) and Mx(A2D) were significantly higher in control than in drought 
stressed plants (Fig.  5). Under control conditions, Mx(A2D) was very similar in 
both years. In contrast, Mx(PH) was much lower under stress conditions in 2015 
than in 2016. The inflection point Tm(PH)cs was at about 32 DAP in both years. 
Tm(PH) was significantly lower in stressed than in control plants in 2015, but sig-
nificantly higher in 2016. Tm(A2D) was not significantly affected by the treatment 

Table 2  ANOVA on the effect 
of genotype (G), treatment (E) 
and their interaction (G × E) 
on the regression parameters 
maximum (Mx), slope k and 
log-transformed slope (log(k)), 
and inflection point Tm of the 
logistic regression of daily 
median plant height (PH) and 
median leaf area 2d (A2D) on 
plant age. F values for model, 
genotype (G), treatment (E) and 
their interaction (G × E). Bold 
print indicates p < 0.01; n = 647 
(PH, 2015), 612 (PH, 2016), 
695 (A2D, 2015) or 722 (A2D) 
2016)

Feature Year Parameter Model G E G × E

PH 2015 Mx 14.59 3.77 1412.3 2.02
Tm 9.93 6.44 655.56 1.75
k 2.15 2.27 3.12 1.65
log(k) 2.32 2.32 8.42 1.67

2016 Mx 4.38 3.79 159.55 2.03
Tm 5.4 4.1 188.97 2.34
k 2.17 2.19 52.09 1.27
log(k) 2.11 2.04 58.38 1.16

A2D 2015 Mx 7.04 3.1 530.73 1.99
Tm 5.82 10.0 0.01 1.58
k 1.76 2.06 2.81 1.46
log(k) 1.66 2.01 1.33 1.30

2016 Mx 6.68 2.80 558.27 1.61
Tm 5.63 9.77 2.17 1.53
k 1.74 2.03 5.69 1.40
log(k) 1.66 2.01 1.33 1.30
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and very similar in both years. However, the genotype explained a large part of the 
variation in Tm(A2D), as indicated by the very large distribution range of Tm(A2D) 
in Fig. 5d. Interestingly, median Tm for leaf area was lower than for plant height, 
indicating that the plants reach the maximal projected leaf area before they reach the 
maximum height. The genotype also affected the initial slope of plant height (k(PH)) 
and leaf area (k(A2D)) growth significantly (Fig.  5e  and f). The k(A2D) showed 
a skewed distribution and a group of outliers with a very high initial growth rate, 
suggesting genotypic variation in early plant development. The ANOVA on log-
transformed k yielded similar result as the analysis on untransformed data (Table 2). 
K(PH) was lower in 2016 than in 2015, which matched the difference in Mx(PH) 
between the years.

The significant genotype × treatment effect for the Mx and Tm of A2D and PH 
suggest that the growth response to drought differed between genotypes. This makes 
these growth parameters potential candidates as drought tolerance markers. We 
tested this by analysing their correlation to the drought tolerance index DRYMp 
(see Eq.  1) for the three test environments (Table  3). Mx(PH)s correlated nega-
tively with DRYMp(big-bag) in both years. Tm(PH)c in 2016 correlated negatively 
with DRYMp(big-bag) and DRYMp(pot), but the correlation was not found for Tm 

Table 3  Spearman correlation between genotype median of phenotypic parameters and genotype median 
of drought tolerance index DRYMp measured in big-bag, field or pot experiments. Coefficients for the 
correlation between the genotype median of parameters maximum (Mx), inflection point (Tm) and ini-
tial slope (k) of logistic regression of plant height (PH) and leaf area 2d (A2D) on plant age measured 
under stress conditions or optimal water supply (control) in 2015 or 2016 and the drought tolerance index 
DRYMp. Coefficient of correlation between mean (av) and standard deviation (std) of leaf angle (LA) 
and DRYMp. n = 64. Bold print indicates significant correlation (α = 0.05)

Phenotype stress Phenotype control

Feature Year Parameter Big-bag Field Pot Big-bag Field Pot

PH 2015 Mx  − 0.24  − 0.06 0.03  − 0.07  − 0.03 0.17
PH 2016 Mx  − 0.32  − 0.14  − 0.02  − 0.39  − 0.12  − 0.21
PH 2015 Tm 0.09 0.08 0.14 0.19 0.09 0.21
PH 2016 Tm 0.02  − 0.19  − 0.08  − 0.21  − 0.31  − 0.13
PH 2015 K 0.27 0.09  − 0.02  − 0.20 0.18  − 0.13
PH 2016 K 0.34  − 0.01 0.19 0.28 0.19 0.25
A2D 2015 Mx 0.24 0.25 0.09 0.02 0.10 0.00
A2D 2016 Mx 0.34 0.20 0.10  − 0.16  − 0.04  − 0.06
A2D 2015 Tm 0.28  − 0.03 0.25  − 0.01  − 0.13  − 0.06
A2D 2016 Tm 0.54 0.02 0.34 0.20  − 0.04 0.13
A2D 2015 K  − 0.37  − 0.02  − 0.08  − 0.08 0.15 0.20
A2D 2016 K  − 0.02  − 0.02 0.09  − 0.08  − 0.07 0.13
LA 2015 av  − 0.19  − 0.13  − 0.05  − 0.06  − 0.12 0.09
LA 2016 av  − 0.29  − 0.01  − 0.14  − 0.15  − 0.25 0.14
LA 2015 std 0.05 0.01 0.11  − 0.10 0.10 0.02
LA 2016 std  − 0.24 0.06  − 0.12  − 0.05  − 0.01  − 0.14
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estimated from the 2015 data. For leaf area A2D, we found positive correlation 
between the Mx(A2D)s and the DRYMp in all three test environments. The inflec-
tion point Tm(A2D)s correlated significantly positive with DRYMp(big-bag) and 
DRYMp(pot), but not with DRYMp(field). Generally, a higher number of significant 
(p < 0.05) correlations were found between parameters derived from stressed plant 
(14) than parameters derived from control plants (8). This means that the predictive 
value of the parameter depends on the environment. The highest number of signifi-
cant correlation (11 for stress measurements, 3 for control measurements) was found 
with DRYMp quantified in the big-bag experiments, which was the test system, in 
which the laser scanner measurements were done. The extrapolation from param-
eters measured in the big-bag system to the performance in the field works less well.

Leaf Movement

A simple analysis of the correlation between mean and standard deviation of 
the leaf angle with DRYMp yielded no reproducible correlation (Table  3). The 
leaf angle (LA) changed significantly with plant age  (F1,4384 = 68.58 p < 0.0001) 
and was strongly affected by the diurnal cycle (Fig.  6a). During the night, leaf 

Fig. 6  Effect of diurnal cycle and water supply on the leaf angle of potato. a Raw data of leaf angle 
plotted against time at 25.05.16 for control (black) and drought stressed (grey) plants. Leaf angles were 
estimated from laser scanner images for plants from 64 genotypes. The vertical lines indicate sunrise 
and sunset. c Diurnal change of leaf angle depicted against plant age for plants cultivated under control 
(black) or drought stress (grey) conditions, genotype 2249, experiment 2016, F(treatment) = 95 p < 0.001. 
b, d Comparison of the effect of water supply (control dark grey, drought stress light grey) on the leaf 
angle distribution in different intervals of the diurnal cycle in 2015 (c) and 2016 (d): 1LN: 22:30–2:30 
UTC. 2DW: 2:30–6:30. 3AM: 6:30–10:30. 4PM: 10:30–14:30. 5DK: 14:30–18:30. 6EN: 18:30–22:30. 
Statistical analysis see Table 4
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angles were 20–25°, whereas the leaf angle decreased to about 15° during the 
day light period. Leaf movement was furthermore significantly affected by treat-
ment (F = 95, p < 0.001) (Fig.  6c). We analysed this pattern by calculating the 
leaf angle distribution for all genotypes in different time intervals of the diurnal 
cycle for control and stressed plants. Table 4 shows the results of an ANOVA on 
the effects of age (DFP), genotype (G) and treatment (E). The treatment affected 
the leaf angle most distinctly in the light phase between 8:30 and 20:30 CET(DTI 
3AM to 5DK), when leaf angles of control plants were about 5° lower than in 
stressed plants. In stressed plants, the leaf angle remained almost constant dur-
ing the diurnal cycle. During the night, leaf angles were higher in control than 
in stressed plants in 2015, while both treatments caused similar angles in 2016. 
The lower nocturnal leaf angle of control plants in 2016 may be related to the 
higher number of heat days in 2016, which could have stressed the control plants. 
The ANOVA furthermore revealed a strong age effect on the nocturnal leaf angle, 
especially at the end of the night (6EN), consistently found in both years. The 
genotype affected the mean leaf angle in all time intervals and this effect was 
different for stress and control plants. However, the genotype effect was weaker 
than the age and the treatment effect, which decreases the predictive value of the 
absolute leaf angle measurements for drought tolerance. To take the age effect on 
the leaf angle into account, we calculated the mean leaf angles for each genotype, 
treatment and diurnal time interval for the vegetative, flowering and tuber filling 
phase and correlated the mean leaf angle to the drought tolerance (Table 5). In 
control plants, correlations between the leaf angle and DRYMp were weak and 
not reproducible between years. In stress plants, however, leaf angles of U45 
plants correlated significantly with DRYMp in DTI 1LN, 2DW, 3AM and 6EN. 
The most significant correlations were found in both years during the late night 
(1LN) and at dawn (2DW). The correlation is negative, which means that a high 
DRYMp was linked to a low leaf angle. In tolerant genotypes, leaf angles under 
stress were thus more similar to control conditions than in sensitive genotypes.

Table 4  ANOVA on diurnal leaf angle. F-values for age (DFP), genotype (G) and treatment (E) effects 
on leaf angle in six diurnal time intervals (DTI) in 2015 and 2016: 1LN: 22:30–2:30 UTC. 2DW: 
2:30–6:30. 3AM: 6:30–10:30. 4PM: 10:30–14:30. 5DK: 14:30–18:30. 6EN: 18:30–22:30. DF G, G × E, 
DFP × G and DFP × G x E: 63, DFP, DFP × E and E: 1. F-values with prob < 0.001 are printed bold

1LN 2DW 3AM 4PM 5DK 6EN

2015 2016 2015 2016 2015 2016 2015 2016 2015 2016 2015 2016
Source
DFP × G × E 2.7 3.5 2.3 2.9 2.5 1.6 1.6 2.0 1.7 0.7 2.3 2.5
DFP 19.8 80.5 10.7 2.8 0.5 295.1 19.4 7.0 299.3 17.9 305.5 596.6
DFP × G 4.6 6.1 3.4 4.0 3.3 2.7 2.9 2.5 2.5 1.4 4.7 3.2
DFP × E 5.7 42.2 25.2 10.1 141.2 11.4 36.0 2.2 98.8 13.0 25.4 0.3
G 7.2 9.9 4.9 6.0 3.4 3.2 2.8 3.1 2.4 1.8 6.7 4.9
G × E 2.3 3.6 2.3 2.9 2.3 1.8 1.4 2.3 1.6 0.8 2.2 3.1
E 66.6 47.3 83.2 8.4 99.7 69.7 7.2 7.5 36.3 105.5 44.0 16.1
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Multivariate Analysis

After analysing the relationship between drought tolerance and single canopy fea-
tures, we investigated whether we can predict drought tolerance from a combination 
of morphological features. We combined regression parameters and—as a proxy for 
manual measurement—genotypic means of features at fixed ages. For the decision 
tree analysis, we defined three tolerance classes of similar size based on combined 
tolerance data from two experiments. The distribution of the genotypes was similar 
in the PCA plots in both years (Supplemental Fig.  S3). Furthermore, loadings of 
both components correlated significantly between years (Supplemental Table  S4). 
However, the lack of a clear separation between the three tolerance classes in the 
PCA plot (Supplemental Fig.  S3) suggested that multiple regression models were 
unlikely to yield a tolerance prediction model based on the canopy features. Thus, 
we decided for decision tree models (Fig. S4) that allow identifying different com-
binations of canopy features linked to sensitivity or tolerance. The decision tree 
sorted 83% (2015) or 81% (2016) of the genotypes in the correct tolerance class. 
In both years, the identification was much better for class S (error rate 5%) than for 
the other two classes (see confusion matrix in Fig.  7a, b). The inflection point of 
the leaf area growth curve under stress (Tm(A2D)s) was the most important factor 
for classification. Genotypes with a low Tm(A2D)s were more likely to be drought-
sensitive (Fig.  7c, d). The second decision node was linked to plant height under 
control conditions. The 2015 model predicted genotypes with a high slope of plant 
height growth as sensitive, and both the 2015 and the 2016 model linked high plant 

Table 5  Spearman correlation coefficient for the correlation between mean drought tolerance of a geno-
type in big-bag trials (DRYMp) (big-bag) and the mean leaf angle in control and drought-stress plants 
in the age classes U30, U45 and U65 and the six diurnal time intervals (DTI). Coefficients in bold are 
significant at α = 0.05

Age class U30 U45 U65

Year 2015 2016 2015 2016 2015 2016
DTI Treatment: control
1LN  − 0.19  − 0.11  − 0.24  − 0.15  − 0.16 0.15
2DW  − 0.18  − 0.25  − 0.30  − 0.01  − 0.31 0.07
3AM 0.13  − 0.19 0.01  − 0.14 0.15  − 0.06
4PM 0.08  − 0.08 0.01  − 0.10 0.02  − 0.01
5DK 0.06  − 0.03 0.05  − 0.26  − 0.22  − 0.06
6EN 0.05  − 0.01  − 0.04  − 0.20  − 0.09  − 0.03

Treatment: stress
1LN  − 0.15  − 0.05  − 0.09  − 0.04  − 0.42  − 0.35
2DW  − 0.12  − 0.13  − 0.19 0.10  − 0.46  − 0.36
3AM 0.12  − 0.14 0.00  − 0.09  − 0.29  − 0.29
4PM  − 0.17  − 0.11  − 0.11  − 0.06  − 0.09  − 0.16
5DK  − 0.03 0.03  − 0.23  − 0.20  − 0.08  − 0.24
6EN  − 0.01 0.21  − 0.11  − 0.23  − 0.31  − 0.25
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height at 39 DFP to class S (Fig. 7e,f). The third factor represented in both mod-
els was the leaf angle in the vegetative age interval (U30). In 2015, low pre-noon 
leaf angles under control conditions indicated tolerance. In 2016, high nocturnal leaf 
angles under stress conditions indicated tolerance.

Altogether, the decision tree analysis detected sensitive genotypes more reliably 
than tolerant genotypes. The most predictive factors were the shoot height at the end 
of the juvenile phase and the inflection point Tm of leaf area growth under stress. 
Sensitive genotypes grew high shoots under control conditions and slowed down 
leaf area development under stress earlier than tolerant genotypes.

Discussion

In this study, we aimed to identify morphological markers for drought tolerance that 
ultimately could serve as selection markers in potato breeding under field condi-
tions. We employed continuous LIDAR measurement of shoots’ growth on 64 
potato genotypes with known drought tolerance (Haas et al. 2020). Two independent 
drought tolerance trials conducted under variable climate conditions enabled testing 
the reproducibility of the prediction model.

Parameter Extraction

A general challenge in continuous phenotyping is the identification of those features 
and parameters that explain or predict plant response to environmental challenges 
in large datasets—a needle in the haystack task. We can approach the problem by 
unbiased analysis based on single data points or by hypothesis-driven extraction of 
descriptive statistical parameters like maximum or growth rate of shoot height. We 
decided for the second approach to circumvent the overfitting problem that occurs 
when > 150 k data points combine with tolerance data on about 64 genotypes. Fur-
thermore, the exact climatic conditions, under which phenotyping measurements 
were done, are not reproducible. In each year, climate conditions at a given plant 
age will be different. To address the problem, we classified the metadata to achieve 
reproducible groups. Water status was classified as optimal and drought stress 
instead of using soil water contents or VPD values. The age at the measurement was 
classified based on the developmental stage into vegetative (pre-flowering), flower-
ing/tuber initiation and tuber filling. Six diurnal time intervals (DTI) grouped the 
time of measurement as described in the “Material and methods” section.

Quality Control

Measurements of shoot features were highly variable in young plants and after flow-
ering (Fig. 4b, c). Small plant were hard to distinguish from the background. After 
flowering, height measurements were affected by lodging of the main stem and 
subsequent development of side branches. When side shoots developed, neighbour-
ing plant started to intermingle, so that measurements could no longer be linked 
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to a single plant. We therefore decided to censor the measurements based on plant 
age. The left-censoring was done with a fixed age, as the culture was started with 
similar sized plantlets. However, subsequent development and flowering date varied 
between genotypes and between treatments. Poor water availability slows down can-
opy development of potato and affects fitting of canopy growth curves (Khan et al. 
2019a). We avoided confounding treatment effects with fitting effects by estimating 
the age for the right-censoring from the data set. In pot trials, the problem of inter-
mingling shoots could be addressed by increasing the distance between pots. The 
delayed canopy closure would, however, increase the differences to the conditions 
in the field, in which agricultural practice fixes the planting density. However, in the 
field, multi-row plots rather than single plants could represent genotypes and be the 
object of phenotyping.

Non‑Linear Regression

In their analysis of genotype and environment effects on the canopy development 
in field-grown potato, Khan et  al. (2019a) used non-linear regression employing 
the Gauss-method to estimate the development and decline of the canopy. From the 
regression parameters, they calculated derived parameters describing the canopy 
growth stages development (P1), time of maximum cover (P2) and time of decline 
(P3). For the last stage, they reported high standard errors for estimates although 
they avoided problems from intermingling shoots of different genotypes by growing 
plants in 6-row-plots. In potato, the estimation of canopy parameters from LIDAR 
seems to be generally more difficult than in other crops, as the complexity of the 
potato canopies increases with age (Liu et al. 2019; Su et al. 2019; ten Harkel et al. 
2020). As our method was restricted to observations in phase P1 and P2, we decided 
to use non-linear-regression methods for saturation curves. We tested different meth-
ods suggested by Archontoulis and Miguez (2014) on a subset of left- and right-
censored data. The method that yielded the highest percentage of converging regres-
sions was the logistic regression (Verhulst 1838), which describes the growth curve 
by the parameters initial slope k, inflection point Tm and maximum Mx.

The next question is whether growth parameters in the early phase P1 and part 
of P2 are likely to allow predictions on drought tolerance or yield. An early analysis 
reduces the influence of factors like Phytophtora infestation and shoot lodging or 
interacting stressors like heat, and it speeds up the selection process. Furthermore, 
early development is not affected by maturity class of the potato genotype (Khan 
et al. 2019a). However, early development can be substantially affected by starting 
material, e.g. tuber size and quality (Maris 1986) and by N-availability (Khan et al. 
2019a). Both factors can, however, be controlled for in managed screening trials. 

Fig. 7  Drought tolerance classification of potato genotypes based on a decision tree with canopy param-
eters. Model-based confusion matrix with actual (rows) and predicted (columns) tolerance classes S 
(sensitive), I (intermediate) and T (tolerant) and error rate E for 2015 (a) and 2016 (b). Distribution of 
canopy growth parameter Tm(A2D)s in 2015 (c) and 2016 (d) by tolerance class. Distribution of PH(39 
DFP)c 2015 (e) and 2016 (f) by tolerance class

▸
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The lower heritability of growth parameters in P1 compared to P2 indicates that 
finding prediction parameters in early development will be challenging.

Value of the Identified Traits

Subsequently, we will investigate whether the parameter PH, A3D, A2D and LA 
meet the criteria postulated for useful secondary selection traits (see Introduction 
(Lafitte et  al. 2003)). By analysis of covariance with plant age as a covariate, we 
tested for genotype (genetic variation) and drought treatment (environmental) 
effects. Significant genotype effects on the traits are a prerequisite for its use as a 
marker. They were found for all four parameters. The study population predomi-
nantly comprised lines derived from two crosses between sensitive and tolerant gen-
otypes plus the parent cultivars and a check cultivar. Thus, the population was a 
good proxy for a breeding population as its variability was smaller than the variabil-
ity in the entire genepool of potato cultivars. In contrast, the strong treatment effects 
on many morphological traits were disadvantageous as this limits the predictive 
value of the trait to specific environmental conditions. We dealt with the situation by 
determining the association between drought tolerance and the secondary trait sepa-
rately for traits measured under control (c) or under stress (s) conditions (Table 5).

Plant Height

Shoot height is an important component of vegetation models that predict can-
opy development, interception of radiation and evapotranspiration (Li et  al. 2020; 
Papadavid et al. 2011; ten Harkel et al. 2020). It thus may be a candidate second-
ary trait for yield prediction. In our study, the genotype significantly affected the 
daily median of plant height as well as the regression parameters k, Tm and Mx in 
both years (Table 2, Supplemental Table S3). Research on potato cultivars revealed 
a significant variation for shoot height between potato cultivars within potato matu-
rity classes and a positive correlation between shoot height and (starch) yield (Moll 
et al. 1987). However, the QTL identified for plant height in a tetraploid mapping 
population was linked to maturity, which would suggest an indirect effect of height 
on yield (Bradshaw et  al. 2004). A QTL study in diploid potato found two major 
QTL for plant height, one of which overlapped with the QTL for tuber yield after 
drought stress recovery (Anithakumari et al. 2012). In our analysis, drought stress 
significantly reduced shoot height (Supplemental Table S3). Substantial height dif-
ferences between years suggest that other factors like heat stress affect plant height 
too (Fig. 5). Heat stress increases plant height in greenhouse experiments (Deblonde 
& Ledent 2001; Tang et al. 2018; Yuan et al. 2003). As heat and drought stress often 
appear in combination, their opposite effect on plant height will render the inter-
pretation of plant height measurements as marker for drought tolerance challeng-
ing. The correlation analysis revealed a negative correlation between drought toler-
ance in big-bag trials and Mx(PH) under stress conditions and a positive correlation 
between k(PH)s and drought tolerance. Both correlations were also significant under 
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control conditions in 2016 but not in 2015. Thus, drought-tolerant genotypes were 
shorter but elongated faster under stress.

In conclusion, we found genetic variation for plant height in potato and a cor-
relation with drought tolerance for the growth parameters k and Mx. Environmental 
factors affected the relationship between genotype and plant height, thus limiting the 
use of the traits for the prediction of drought tolerance.

Leaf Area

Leaf area and leaf area index (LAI) are important features in vegetation models as 
parameters to estimate intercepted solar radiation (Haverkort et al. 1991) and to pre-
dict growth and yield (Ray et al. 2006). The leaf area duration integrates the LAI 
curve, thus taking into account the effects of early leaf development and delayed 
senescence (Jefferies & MacKerron 1993; Khan et al. 2019a). LAI and canopy cover 
are thus among the parameters estimated for potato crops from satellite data to pre-
dict yield (Clevers et al. 2017). The total leaf area depends on leaf initiation rate, the 
duration of the leaf initiation phase and on the leaf expansion growth. Leaf growth 
is extremely sensitive to low soil water potentials or high evaporative demand (Ham-
mer et al. 2006). In maize, already mild water stress affects cell expansion growth 
and causes the abortion of reproductive organs. Under water stress (low soil water 
potential, high VPD), leaf elongation rates (LER) oscillate diurnally with lowest 
rates at and after solar noon (Caldeira et al. 2014). The oscillation of LER has been 
linked to diurnal changes in root hydraulic conductivity in response to xylem water 
potential. The sensitivity of the LER amplitude to water stress corresponds to the 
drought sensitivity of the genotype (Caldeira et al. 2014). In maize, the relationship 
between plant water status and leaf growth depends on the genotype (Caldeira et al. 
2014; Sadok et al. 2007; Zhao et al. 2018). The QTL for the slopes of the response 
curve of the leaf elongation rate to water status co-localises with the QTL for anthe-
sis-silking interval, which is a major predictor for yield under drought in maize 
(Bänziger et al. 2006; Bolanos & Edmeades 1996; Welcker et al. 2007). This sug-
gests that data on leaf area development may be informative for the prediction gen-
otype-specific drought tolerance. In potato, water stress has been shown to impede 
leaf development by reducing leaf number and decreasing leaf expansion growth 
(Hill et al. 2021). The latter is more sensitive to soil drying in potato than in other 
crops and this sensitivity may cause the low drought tolerance of potato (Weisz et al. 
1994). A genotype-dependent response of root hydraulic conductance to water status 
may also be behind the genotype effect on diurnal leaf movement in potato: drought 
affected the leaf movement less in tolerant than in sensitive genotypes.

In our analysis, genotype significantly affected the daily median of A2D and A3D 
(Supplemental Table S3) as well as the regressions parameters k(A2D), Tm(A2D) 
and Mx(A2D). The genotype effect was strongest for k(A2D), which means that the 
genotypes differed markedly in the initial canopy growth rate. This contrasts with 
the finding of Khan et al. (2019a), who found only weak effects of the genotype on 
the initial phase of canopy development, but considerable genotypic variation in the 
duration of the phase of maximum canopy cover  (DP2). However, the population of 
Khan et al. segregated for maturity, while ours did not. We thus would not expect 
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variation in the duration of  DP2, but we cannot estimate the duration of the canopy 
from our dataset. In our study, the drought treatment affected median leaf area in 
a genotype-dependent (Supplemental Table  S3). Drought treatment significantly 
reduced Mx(A2D) (Table 2) compared to control conditions in both years (Fig. 5) 
but had only a weak effect on the slope k(A2D) and the inflection point Tm(A2D).

Drought tolerance in big-bag trials correlated positively with Mx(A2D) and 
Tm(A2D) under stress conditions, but not under optimal water supply. Under stress, 
tolerant genotypes developed new leaves for a longer time (higher Tm) and thus 
achieved a higher leaf area. Yield under drought correlates with leaf area duration; 
thus, selection for the ability to sustain leaf growth on dry soils may improve yield 
stability (Jefferies & MacKerron 1993). In drought tolerance screens, vegetation 
indices that related to leaf area index and above ground biomass were major deter-
minants of yield already on day 25 and 40 (Schafleitner et al. 2007). When LAI data 
estimated from MODIS satellite data were tested as yield predictor for potato, posi-
tive correlations were found especially in the middle of the vegetation period (John-
son 2016). The decline of correlations towards the end of the vegetation period may, 
however, be linked to larger measurement errors due to lodging in towards the end 
of the growth period. A path coefficient analysis on the effects of different canopy 
traits on tuber dry yield revealed a strong and positive effect of the integral  Asum and 
of the radiation use efficiency  RUET (Khan et al. 2019b).  Asum is the area under the 
canopy cover against time curve; the radiation use efficiency  RUET is the ratio of the 
cumulative intercepted light sum and the tuber dry weight (Khan et al. 2019b). The 
same study reports a negative correlation between  Asum and  RUET, and concludes 
that vigorous vegetative growth impedes tuber bulking (Khan et al. 2019b). Thus, 
sustained leaf development under drought stress seems to be important for yield sta-
bility up to an optimal level.

Leaf Angle

The leaf angle LA strongly affects interception of direct radiation by the leaf and 
the entire canopy, and it alters the aerodynamic resistance within and above the can-
opy (Lhomme et  al. 1992; Li et  al. 2015). Photosynthesis and yield thus strongly 
depend on the LA (Emmel et al. 2020). Furthermore, productivity increases in mod-
ern rice and maize cultivars have been linked to more upright growing leaves (Tian 
et al. 2011; van Zanten et al. 2010). The median LA distribution or its daily range 
may thus indicate photosynthetic performance or water status and hence are poten-
tial secondary traits for the selection for yield under drought conditions (Bolanos & 
Edmeades 1996; Kamphorst et al. 2020; Martynenko et al. 2016; Sah et al. 2020). 
QTL for LA have been mapped in maize and rice (Huang et al. 2010; Ku et al. 2010; 
Tian et al. 2011). For potato, our study found significant genotypic variation on the 
median LA (Table  4). Furthermore, LA changed periodically within the diurnal 
cycle. In potato, LA was high during the night, decreased after sunrise and increased 
again in the afternoon (Fig.  6). Similar leaf movements have been found in other 
species and were linked to optimised photosynthesis, but also to a reduction of tran-
spiration and the avoidance of photoinhibition and heat stress (Biskup et al. 2007; 
Briglia et  al. 2019; Rakocevic et  al. 2018; van Zanten et  al. 2010; Werner et  al. 
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2001). The movement can be caused by hyponastic growth or turgor changes (van 
Zanten et al. 2010). Water supply affects LA and the diurnal change of LA. In grape-
vine, LA correlated linearly to the leaf water potential (Briglia et al. 2020) (Briglia 
et  al. 2019). In soybean, LA correlates to soil water potential (Rosa et  al. 1991). 
Water stress also changes the diaheliotropic movement of soybean leaflets (Rakoce-
vic et al. 2018). The LA increases under drought stress in maize and in potato (Kam-
phorst et al. 2020; Xu et al. 2021). Drought stress reduces the diurnal variation of 
LA in potatoes (Xu et al. 2021). We found no association between drought tolerance 
and  LAc under optimal water supply, but a correlation with the  LAs during late night 
and at dawn (Table 5). Drought-tolerant genotypes had lower  LAs than drought-sen-
sitive genotypes, thus resembling unstressed plants (Fig. 6).

Multivariate Model

The determination of k(PH)s and Tm(A2D)s requires repeated measurements 
under drought-stress conditions, which decreases their value as screening markers 
for breeding populations. Thus, we employed a decision tree analysis to establish 
whether growth parameters from stressed plants can be replaced by parameters from 
unstressed plants. To find out whether we can replace repeated measurements by 
single measurements, we included median values of PH and A from single days as 
proxy for single measurements. Furthermore, we enquired, which time of the life 
cycle is most informative by picking single measurements from three different devel-
opmental states. The decision analysis was performed separately for 2015 and 2016 
on three tolerance classes contain 20 genotypes each (see the “Material and meth-
ods” section). Both decision trees used the parameter Tm(A2D)s as the first decision 
criterion, identifying plants with a shorter time of leaf area development under stress 
as sensitive. The mean of the parameter Tm(A2D) was similar in both years (Fig. 5). 
This increases the value of the parameter for selection, as it seems to be independent 
of meteorological conditions. The second decision node grouped plants that rapidly 
increased PH under control conditions into the sensitive group. The association in 
our study may, however, be affected by the fact that the tolerant parent A had lower 
shoot heights than the sensitive parents R and E (Haas et  al. 2020). In maize, Su 
et  al. (2019) reported a negative association between drought tolerance and plant 
height. In contrast, Bänziger et al. (2006) list plant height as a confounding factor in 
drought tolerance screens.

Altogether, our decision tree based on phenotypic markers classified sensitive 
genotypes more reliably than intermediate or tolerant genotypes. It thus may com-
plement our metabolite/transcript based model, which identified tolerant genotypes 
very well, but failed to detect drought-sensitive genotypes (Haas et  al. 2020). An 
independent selection experiment or the test of the association between reduced 
leaf area development and drought sensitivity in an independent population could 
verify the assumption that joining both models will improve selection for drought 
tolerance.

For breeding purposes, shoot parameters have to be quantified under field condi-
tions. Satellite-based sensors provide repeated canopy scans. However, Kempenaar 
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et al. (2016) found poor correlations between satellite data derived biomass indices 
and final yield. Jindo et  al. (2021) therefore suggested using remote sensing data 
to estimate the parameters for crop simulation models rather than to estimate yield 
from single vegetation indices. Thus, instead of directly using phenotypic markers 
for selection, it might be more useful to employ data derived from phenotyping to 
feed into genomic models. The genomic prediction model for the anthesis-silk-inter-
val (ASI) is a very elegant example (Bänziger et  al. 2006; Bolanos & Edmeades 
1996). The sensitivity of ASI to VPD and soil water potential can be predicted from 
the sensitivity of leaf expansion under controlled conditions (Chapuis et al. 2012; 
Welcker et  al. 2007). Based on this relationship and the prediction of phenologi-
cal stages of genotypes under field conditions, environmental conditions during the 
drought-sensitive ASI could be determined from local climate sensors in field tri-
als. This allowed the quantification of drought stress during the sensitive period of 
each genotype in various field trials to generate the genotypic sensitivity curves. 
This approach provided phenotypic drought tolerance information of sufficiently 
large maize genotype populations to generate a whole genomic prediction model for 
drought sensitivity factors in maize (Millet et al. 2019).

Future work for our phenotypic traits would need to identify the sensitive period 
that determines the inflection point Tm for leaf area development Tm(A2D) and 
subsequently to identify those environmental factors that influence Tm(A2D).

Conclusion

The analysis of the genotype and treatment effects on morphological features and 
the correlation analysis with the drought tolerance index DRYMp revealed pheno-
typic differences related to drought tolerance. Under drought stress, drought-tolerant 
genotypes grew shorter (lower Mx(PH)s) shoots faster (higher k(PH)s) and they 
increased leaf area for a longer time (higher Tm(A2D)s) and thus achieved a higher 
projected leaf area (higher Mx(A2D)s). Furthermore, tolerant plants maintained a 
lower leaf angle at dawn under drought stress, thus resembling unstressed plants. 
The parameter Tm(A2D) was an especially promising predictor as it was only 
weakly affected by climate conditions.
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