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Abstract  

Background Faba bean is an important grain legume in temperate cropping systems because it 
provides protein-rich seed and contributes biological nitrogen fixation. However, its productivity 
is highly sensitive to drought, and breeding for improved drought performance is constrained by 
complex genotype by environment interactions and the difficulty of measuring relevant traits at 
scale. This study evaluated whether scanner-derived vegetation indices (VI), 3D canopy traits, 
and their combination can predict key agronomic and physiological traits in drought-stressed 
faba bean, and how predictive ability changes when information is used from single dates or 
cumulatively across the season. 

Results Predictive performance was strongly trait dependent and varied with predictor set and 
temporal strategy. Combined VI + 3D predictors generally produced the highest and most 
consistent predictive ability for major traits. Total grain yield reached 0.75 under cumulative VI + 
3D prediction at 93 days after sowing (DAS 93), cumulative water uptake peaked at 0.80 at DAS 
97, and total straw biomass reached 0.66 at DAS 104. In contrast, some component traits were 
predicted equally well or better by 3D information alone, including grain number with 0.70 and 
pod number with 0.55 under cumulative 3D prediction. Useful prediction windows also differed 
among traits, with broad late-season windows for major agronomic traits but narrower, more 
stage-specific windows for productive tillers, thousand kernel weight, and water-use efficiency. 

Conclusion Phenomic prediction under drought in faba bean was strongly shaped by trait type, 
predictor composition, and temporal design. Combined VI + 3D predictors were most effective 
for integrative traits, whereas several component traits were predicted equally well or better by 
3D information alone. These findings highlight the potential of scanner-based multisensor 
phenotyping to support drought-related selection in faba bean breeding. 
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Introduction 

Faba bean (Vicia faba L.) is a major cool-season grain legume in temperate and Mediterranean 
cropping systems. It contributes substantially to protein supply for food and feed and provides 
important ecosystem services through biological nitrogen fixation and beneficial effects on soil 
properties (Jensen et al. 2010; Karkanis et al. 2018). Despite these advantages, the cropped area 
of faba bean remains limited compared with cereals, partly because of its high yield variability 
and its sensitivity to abiotic stresses, particularly drought (Jensen et al. 2010; Khan et al. 2010; 
Karkanis et al. 2018). Water deficits during flowering and early pod filling can markedly reduce 
pod set, seed number, and seed weight, whereas stress at earlier developmental stages restricts 
canopy expansion and radiation interception (Mwanamwenge et al. 1999). As heat and drought 
events are expected to become more frequent under ongoing climate change, improving 
performance and stability under water-limited conditions has become a major objective in faba 
bean breeding (Khan et al. 2010; Papastylianou et al. 2021; Heino et al. 2023). 

Breeding for drought adaptation in faba bean is complicated by the physiological and 
developmental complexity of the trait. Plant responses to soil water deficit involve changes in 
transpiration, leaf area development, canopy structure, and pigment composition, which interact 
with phenology and plant architecture (Khan et al. 2010; Muktadir et al. 2020). Conventional field 
selection based on final yield under stress and non-stress conditions captures the integrated 
outcome of these processes, but provides limited insight into the dynamics underlying stress 
adaptation. More process-related traits, including transpiration efficiency, stay-green behavior, 
canopy temperature, or chlorophyll-related parameters, may offer a more mechanistic 
perspective, yet their measurement is often laborious and difficult to implement at the scale 
required in breeding populations (Khan et al. 2010; Muktadir et al. 2020; Ninomiya 2022). 

High-throughput phenotyping offers a promising route to address this limitation. Ground-based 
scanning systems that combine multispectral sensing with three-dimensional canopy 
reconstruction enable repeated, non-destructive characterization of crop development over time 
(Ninomiya 2022; Xu and Li 2022). Vegetation indices such as normalized difference vegetation 
index (NDVI), green leaf index (GLI), normalized pigment chlorophyll index (NPCI), or plant 
senescence reflectance index (PSRI) capture aspects of canopy greenness, pigment 
composition, and biomass-related variation (Tayade et al. 2022), while color-space metrics such 
as hue or lightness describe temporal changes in canopy appearance (Tripodi et al. 2024). In 
parallel, 3D structural traits provide information on canopy architecture, growth, and spatial 
development (Ninomiya 2022; Tripodi et al. 2024). Under drought, repeated measurements of 
these features can reveal genotype-specific differences in growth trajectories, senescence 
dynamics, and canopy responses to water limitation (Tripodi et al. 2024; Adak et al. 2023b). 

Phenomic prediction extends this idea by using high-dimensional phenotypic data to predict 
complex target traits. The concept is closely related to phenomic selection, which was formalized 
by (Rincent et al. 2018) using near-infrared spectroscopy (NIRS) as a low-cost alternative to 
marker-based prediction in wheat and poplar. Since then, phenomic prediction has been 
explored in different types of predictors, including NIRS-based approaches and image-derived 
time-series data in multiple major crops like wheat, maize, and rapeseed as well as legume crops 
like soy bean (Rincent et al. 2018; Weiß et al. 2022; Roth et al. 2023; Adak et al. 2023b; Roscher-
Ehrig et al. 2024; Braun et al. 2025; Parmley et al. 2019; Zhu et al. 2021). While most studies used 
NIRS due to its rapid and inexpensive acquisition, more recent work has increasingly incorporated 
RGB, multispectral, and hyperspectral traits, vegetation indices, and structural descriptors 
derived from digital surface models or point clouds (Ninomiya 2022; Roth et al. 2021; Adak et al. 



2023b). These predictor classes capture partly distinct biological information: spectral and color-
related traits are more closely linked to canopy greenness, pigment status, and senescence, 
whereas 3D traits reflect canopy height, volume, architecture, and growth dynamics. Their 
combination may therefore be particularly informative under drought, where physiological and 
structural responses can diverge over time. 

In faba bean, UAV-based studies have already demonstrated the potential of RGB, multispectral, 
thermal, and fused sensor data for predicting traits such as plant height, biomass, chlorophyll 
status, harvest index, and yield (Ji et al. 2022; Cui et al. 2023; Ji et al. 2024; Mohammadi et al. 
2024). However, compared with cereals and with the broader phenomic selection literature, 
explicit phenomic prediction in faba bean based on repeated canopy time series remains limited, 
especially under drought stress and in studies directly comparing spectral predictors, 3D 
structural predictors, and their combination for end-of-season trait prediction. 

A key question is how these phenotypic time series can be translated into robust prediction of 
agronomic and physiological target traits. Beyond the choice of prediction model, three aspects 
are particularly relevant. First, it remains unclear whether multispectral and RGB-derived canopy 
traits, 3D structural traits, or their combination provide the strongest predictive signal. Second, it 
is uncertain whether prediction should rely on information from individual measurement dates or 
benefit from cumulative integration across the season. Third, the extent to which dense temporal 
sampling is required, as opposed to a smaller number of strategically selected dates, remains 
insufficiently understood. Addressing these questions is essential not only for improving 
phenomic prediction itself, but also for identifying efficient phenotyping strategies that balance 
predictive performance with practical feasibility (Adak et al. 2023b; Chatterjee et al. 2023). 

The present study aimed to provide a basis for more efficient scanner-based phenotyping and 
drought-related selection in faba bean. The objectives were to quantify the relative predictive 
value of spectral and structural canopy information, assess the benefit of combining both data 
domains, determine the value of cumulative temporal integration, and identify the earliest 
measurement windows at which reliable prediction of harvest traits becomes possible. For this 
purpose, the present study evaluated a diverse set of faba bean genotypes grown in containers 
under controlled drought conditions and monitored throughout the season with a multispectral 
3D scanning platform. From repeated scans, canopy traits derived from RGB and multispectral 
information, including color-space metrics and spectral indices, as well as 3D structural traits, 
were extracted and used to predict agronomic traits measured at harvest. For each day after 
sowing included in the analysis, six prediction scenarios were compared, defined by three 
predictor sets and two temporal strategies: RGB and spectral traits only, 3D structural traits only, 
and combined spectral plus structural traits, each analyzed either as single-day predictors or as 
cumulative predictor sets including all scans up to the respective date. Prediction performance 
was then compared across linear mixed models, kernel-based approaches, and machine-
learning algorithms. 

 

 

 

 

 

 



Material and Methods 

Experimental Setup 

The high-throughput phenotyping platform Droughtspotter XXL (Figure 1; Phenospex, Heerlen, 
the Netherlands) at the Rauischholzhausen field station of Justus Liebig University 
(50°45′40.05″N, 8°52′45.96″E) comprises 240 large containers arranged in six rows with 40 
containers each. The experiment was conducted in 120 L containers designed to provide a 
rootable soil profile of 90 cm. To create conditions resembling those of an agronomic field setting, 
each container was filled with approximately 168 kg of a clay and sand substrate. Throughout the 
experimental period, every container was positioned on a separate high precision gravimetric 
balance, enabling continuous monitoring of container weight at 5 min intervals with a 
measurement resolution of ±20 g. Water supply was regulated individually for each container by 
an automated irrigation system, which operated on the basis of the continuously recorded weight 
data. The resulting gravimetric data were used to assess container specific water status and to 
establish predefined drought stress treatments. Irrigation was carried out once per day at 
midnight, thereby avoiding the main period of transpiration. 

Automated canopy phenotyping was performed using two PhenoSpex PlantEye F600 sensors 
operated in a dual-scan configuration. This setup was implemented to reduce occlusion and 
shading effects caused by overlapping plant material and thereby improve the completeness of 
canopy reconstruction. The two sensors were positioned at a fixed angle of 145° relative to each 
other and mounted on a vertical lifting device. Scanning was fully automated, with each container 
measured once per day at a constant time. Identically positioned barcodes served as spatial 
reference markers, enabling both the alignment and merging of the two scan perspectives into a 
single 3D point cloud and the definition of a standardized virtual bounding box for each container. 
This virtual box defined the spatial area considered for scan evaluation, and only points located 
within this fixed 3D volume were retained for further analysis. Each scan generated a high-
resolution point cloud in which every point was assigned x, y, and z coordinates together with 
multispectral reflectance information in the red, green, blue, and near-infrared channels. The 
maximum measurable canopy height was 210 cm above the container. 

 

 

Fig. 1 High-throughput phenotyping platform “Droughtspotter XXL” comprising 240 containers, 
each with a rootable volume of 120 liters, housed under a foil greenhouse providing semi-controlled 
environmental conditions (A). Automated phenotyping with a multispectral 3D scanner enabled 

high-resolution, non-destructive monitoring of plant growth and canopy development throughout 
the experiment (B). 

A B 



Genotype Set 

The experiment used a panel of 80 genetically diverse faba bean (Vicia faba L.) genotypes. This 
plant material comprised both registered cultivars and advanced breeding lines, which were 
provided by Norddeutsche Pflanzenzucht Hans-Georg Lembke KG, Hohenlieth, Germany. 

Experimental Design 

Each genotype was evaluated in three replications within a randomized complete block design 
(RCBD). Per container, 18 seeds were sown and subsequently thinned to nine plants, which were 
arranged in a 3 × 3 grid covering 0.16 m², corresponding to a field equivalent planting density of 
56 plants m⁻². Before sowing, all genotypes were inoculated with Rhizobium fabae using the 
commercial inoculant Rhizofix RF-20 (Feldsaaten Freudenberger GmbH & Co. KG, Krefeld, 
Germany). Soil nutrient status was determined prior to the start of the experiment and fertilization 
followed the recommendations of the Hessian state advisory service. Nutrient supply was split 
into two applications: the first, applied 19 days after sowing, contained ammonium molybdate, 
manganese sulfate, zinc sulfate, copper sulfate, boric acid, potassium dihydrogen sulfate and 
magnesium sulfate, while the second, applied 35 days after sowing, provided potassium 
dihydrogen sulfate and potassium chloride. No mineral nitrogen fertilizer was applied. Aphid 
infestations were controlled when necessary, using the commercial pyrethroid insecticide Karate 
Zeon (Syngenta Agro GmbH, Frankfurt am Main, Germany) at the recommended label rate. To 
minimize lodging, all plots were stabilized using a twine support system. 

Phenotypic data 

Phenotypic data comprised end season agronomic traits and time resolved canopy traits derived 
from vegetation indices, color metrics, and 3D reconstructions. Agronomic traits were measured 
destructively at the end of the experiment and included grain yield, straw biomass, grain number, 
pod number, mean internode length, water use efficiency, cumulative water uptake, number of 
productive tillers, and thousand kernel weight. The canopy predictor set comprised vegetation 
indices and color traits, namely green leaf index (GLI), normalized difference vegetation index 
(NDVI), normalized pigment chlorophyll index (NPCI), plant senescence reflectance index (PSRI), 
hue, lightness, and saturation, as well as 3D-derived structural traits, including averaged plant 
height, maximum plant height, digital biomass, projected leaf area, 3D leaf area, voxel volume, 
canopy light penetration depth, surface angle, convex hull area coverage, convex hull area, 
convex hull circumference, convex hull maximum width, and convex hull aspect ratio 
(Supplementary Table S1). For each agronomic trait, adjusted genotype means were obtained 
from a linear mixed model of the form ݕ௜௝௞௟௠ = ߤ + ௜ܩ + ௝ݎ + ܿ௞ + ܾ௟ + ௠ݓ + ݁௜௝௞௟௠,  (Equation 1) 

 

where ݕ௜௝௞௟௠ is the observed plot mean of genotype ݅in row ݆, column ݇, block ݈, and replicate ݉, ߤ is the overall intercept, ݃ ௜is the genotypic effect, ݎ௝, ܿ ௞, ܾ ௟, and ݓ௠ are the effects of row, column, 

block, and replicate, and ݁௜௝௞௟௠ is the residual error. Genotype was fitted as a fixed effect while 

all other effects were fitted as random effects to obtain adjusted genotype means as best linear 
unbiased estimates (BLUEs) (Piepho et al. 2012). 

 

Because the phenomic prediction framework relied on time specific information, vegetation 
indices and 3D traits were additionally adjusted separately for each imaging date. For this 
purpose, the data was split by date, and, for each trait by date combination, the mixed model 



௜௝௞௟௠(ௗ)ݕ = (ௗ)ߤ + ௜(ௗ)ܩ + ௝(ௗ)ݎ + ܿ௞(ௗ) + ܾ௟(ௗ) + ௠(ௗ)ݓ + ݁௜௝௞௟௠(ௗ)
 (Equation 2) 

 

was fitted to the subset of observations recorded on date ݀. The model structure was identical to 
that used for the agronomic trait model. These date specific adjusted genotype means were then 
used as phenomic predictors in the downstream prediction analyses (Piepho et al. 2012; Roth et 
al. 2021). 

Model training and evaluation 

Prediction models were fitted separately for each target trait, each type of predictor (i.e. 
vegetation indices and color traits (VI), 3D-derived structural traits (3D), and their combination), 
each day after sowing (DAS), and each model type. Two temporal scenarios were considered. In 
the single day scenario, only predictors from the focal DAS were used. In the cumulative scenario, 
predictors from all DAS from the first included day up to the focal DAS were combined. For a given 
trait and DAS, predictive ability was assessed using repeated random training test splits at the 
genotype level. In each repetition, 80% of genotypes were randomly assigned to the training set 
and the remaining 20% were held out as an independent test set (Adak et al. 2023b; Rincent et al. 
2018; Arlot and Celisse 2010). 

For mixed models and Bayesian regression models implemented in Bayesian Generalized Linear 
Regression, phenotypic values of test set genotypes were set to missing during model fitting so 
that parameter estimation was based exclusively on the training genotypes. For random forest, 
extreme gradient boosting, and support vector regression, only the training genotypes were used 
for model fitting. Predictions were then generated for the genotypes in the test set (Pérez and los 
Campos 2014; Covarrubias-Pazaran 2016). 

Predictive performance was quantified as the Pearson correlation between observed adjusted 
means and predicted values in the test set, ݎ = ௧௘௦௧ݕ)ݎ݋ܿ ,  ௧௘௦௧) (Equation 3)ݕ̂

This measure was chosen because it is scale invariant and directly comparable across traits, 
scenarios, and model classes. To obtain stable estimates of predictive performance, the random 
training test split and model fitting procedure were repeated 200 times for each combination of 
trait, DAS, predictor and model. In each repetition, a new random partition of genotypes into 
training and test sets was drawn. For each combination, the resulting 200 correlation values were 
summarized by their median and standard deviation. The median correlation reflects typical 
predictive ability across random splits, whereas the standard deviation characterizes the 
variability among splits (Krause et al. 2019; Rincent et al. 2018; Arlot and Celisse 2010). 

Statistical and machine learning models 

General prediction framework 

All prediction analyses were based on scanner derived vegetation indices, color metrics, and/or 
3D canopy traits as predictors, and on adjusted genotypic means of the target traits as response 
variables. For each focal DAS, a wide genotype by feature matrix was constructed in which rows 
represented genotypes and columns represented scanner derived predictors. In the cumulative 
scenario, predictors from all included DAS up to the time point of interest were combined, with 
each predictor retaining its DAS specific identity. In the single day scenario, only predictors from 
the day of interest were included. Before model fitting, all predictor variables were centered and 
scaled to zero mean and unit variance within each prediction scenario. 



For a given trait and prediction scenario, let ݊ denote the number of genotypes and ݌ the number 

of phenomic predictors. Let ݕ ∈ ℝ௡ denote for the vector of adjusted genotypic means of the 

target trait and ܹ ∈ ℝ௡×௣ for the corresponding matrix of standardized phenomic predictors. All 
prediction models followed the general form 

ݕ  = 1௡ߤ + ݂(ܹ) +  (Equation 4) ߝ
with ߝ ∼ ܰ(0,  (௡ܫఌ2ߪ

where 1௡ is a vector of ones of length ݊, ߤ is the overall intercept, ݂(ܹ) is a model specific 
function of the phenomic predictors, and ߝ is the residual term. Depending on the model class, ݂(ܹ) was represented by a phenomic relationship kernel, a shrinkage regression on individual 
predictors, or a nonlinear machine learning function (VanRaden 2008; Pérez and los Campos 
2014; Gianola and van Kaam 2008). 

VIBLUP 

The VIBLUP model is conceptually analogous to GBLUP but uses a phenomic relationship matrix 

derived from standardized predictor values instead of a genomic relationship matrix. Let ܹ 

denote the ݊ ×  matrix of standardized phenomic predictors for the current trait, DAS, and ݌
scenario. The phenomic relationship matrix was defined as  ܩP = 1௣ ܹܹ⊤, (Equation 5) 

 

The prediction model was ݕ = ૚௡ߤ + ݑ +  (Equation 6) ,ߝ
 

with random genotypic effects ݑ ∼ ܰ(0, ߝ ,(VIܩ௨2ߪ ∼ ܰ(0,  ,(௡ܫఌ2ߪ
 

 

where ݑ is the vector of random genotype effects structured by the phenomic relationship matrix 

and ߪ௨2 and ߪఌ2 are the corresponding variance components. The model was fitted by restricted 

maximum likelihood using sommer, supplying ܩVI as covariance structure for the random 
genotype effect (VanRaden 2008; Rincent et al. 2018; Krause et al. 2019; Covarrubias-Pazaran 
2016). 

RKHS regression 

To allow for nonlinear relationships between phenomic predictors and target traits, a reproducing 

kernel Hilbert space model was implemented. Let ݓ௜ denote the standardized predictor vector of 

genotype ݅. Pairwise squared Euclidean distances between genotypes were computed and 

scaled by the number of predictors ܦ ݌௜௝ =  ∥௪௜−௪௝∥2௣   (Equation 7) 

 



Based on this scaled distance matrix, three Gaussian kernels were defined as ܭ௠(݅, ݆) = exp (−ℎ௠ܦ௜௝) (Equation 8) 

with ℎ௠ ∈ {0.5,1.0,2.5} 

We used a small set of fixed scaling factors ℎ௠ to capture short, medium and long-range 
similarities in phenomic space and combined the corresponding kernels in an additive multi 
kernel model. The RKHS model was ݕ = ૚௡ߤ + ∑ ݃௠ + ெ௠=1ߝ , (Equation 9) 

 

with random kernel specific genetic effects ݃௠ ∼ ܰ(0, ௚೘2ߪ ,(௠ܭ ߝ ∼ ܰ(0,  ,(௡ܫఌ2ߪ
 

where ߪ௚೘2  denotes the variance component associated with kernel ܭ௠. Model fitting and 

prediction were carried out in BGLR using a Bayesian Gibbs sampling scheme with 5000 iterations 
and a burn in of 1000 iterations. Predictions for test genotypes were obtained from posterior mean 
fitted values (Gianola and van Kaam 2008; los Campos et al. 2010; Pérez and los Campos 2014; 
Krause et al. 2019). 

Bayesian LASSO 

In the Bayesian LASSO (BL) model we modeled the effect of each individual phenomic predictor 
explicitly. In this case, ݂(ܹ) =  (Equation 10) ,ߚܹ

and the model can be written as ݕ = ૚௡ߤ + ߚܹ +  (Equation 11) ,ߝ

with     ߝ ∼ ܰ(0,   (௡ܫఌ2ߪ

and regression coefficients  ߚ = ,1ߚ) … ,  ௣)⊤. (Equation 12)ߚ

The Bayesian LASSO prior imposes a double exponential (Laplace) distribution on each 
coefficient, ߚ௝ ∼ DE(0, ,(ߣ ݆ = 1, … ,  ,݌
 

which induces strong shrinkage of small effects while allowing a subset of predictors to retain 
larger effects. The global shrinkage parameter was estimated from the data. The model was 
implemented in BGLR using the same Gibbs sampling settings as for RKHS, and predictions were 
obtained as posterior mean fitted values for the test genotypes (Park and Casella 2008; Pérez and 
los Campos 2014). 

Random forest 

Random forest regression was used as a non-parametric tree based method to capture nonlinear 
effects and interactions among predictors. For each trait, DAS, and scenario, a random forest was 



fitted to the training genotypes. An ensemble of ܤ regression trees was grown on bootstrap 
samples of the training set, with random subsets of predictors considered at each split. Let ̂ݕ(௕)(݅) denote the prediction for genotype ݅ from tree ܾ. The random forest prediction is given by

(݅)ݕ̂      = 1஻ ∑ ஻௕=1(݅)(௕)ݕ̂ ,  (Equation 13)  

 

with      ܤ = 500. 

The main hyperparameters, namely the number of predictors sampled at each split (݉ݕݎݐ) and 
the minimum node size, were tuned by Bayesian optimization on the training set. The search 

space for ݉ݕݎݐ ranged from max (1,  and the minimum node size ranged from 3 ,⌊3/݌⌋ to (⌊10/݌⌋
to 50. Bayesian optimization was based on a Gaussian process surrogate model with expected 
improvement as acquisition criterion, using an initial Latin hypercube design followed by iterative 
infill steps. The best hyperparameter combination according to out of bag root mean squared 
error in the training set was then used to fit the final model and generate predictions for the test 
genotypes (Breiman 2001; Wright and Ziegler 2017; Bischl et al. 2017; Jones et al. 1998; McKay et 
al. 1979). 

 

Extreme gradient boosting 

Extreme gradient boosting (XGB) was used as a second tree-based method that constructs an 
additive ensemble of shallow regression trees by sequentially minimizing a regularized loss 

function. For genotype ݅ with predictor vector ݓ௜, the XGB model can be written as ̂ݕ(݅) = ∑ ௞݂(ݓ௜)௄௞=1 , (Equation 14) 

 

where each ௞݂ denotes a regression tree and ܭ is the number of boosting rounds. Model fitting 
aimed to minimize the regularized objective function ܮ = ∑ ௜ݕ) − 2௡௜=1((݅)ݕ̂ + ∑ Ω( ௞݂)௄௞=1 , (Equation 15) 

 

where Ω( ௞݂) penalizes tree complexity. For most traits, key hyperparameters were tuned by 

Bayesian optimization on the training set, including the learning rate ߟ with a search range from 
0.01 to 0.9, maximum tree depth from 2 to 20, minimum child weight from 1 up to approximately 
one third of the training sample size, subsampling rate from 0.1 to 1, column subsampling rate 
from 0.1 to 1, and the tree specific regularization parameter ߛ from 0.01 to 5. For each candidate 
setting, up to 7000 boosting rounds were fitted with early stopping if cross validated error did not 
improve for 25 rounds. For water use efficiency, a moderately flexible fixed configuration was 

used with ߟ = 0.1, maximum depth = 4, minimum child weight = 1, subsampling = 0.8, column 
subsampling = ߛ ,0.8 = 0, and 500 boosting rounds. All XGB models used squared error loss and 
two computational threads. The final model was then used to predict the test genotypes (Chen et 
al. 2016; Jones et al. 1998; Bischl et al. 2023). 

Support vector regression 

Support vector regression (SVR) with a radial basis function kernel was implemented as an 

additional nonlinear prediction model. For genotype ݅ with predictor vector ݓ௜, the prediction can 
be expressed as 



(݅)ݕ̂ = ∑ ௜ݓ)ܭ௝ߙ , (௝ݓ + ܾ௡train௝=1 , (Equation 16) 

 

where the sum runs over training genotypes, ܭ(⋅,⋅) is the radial basis function kernel, ݓ)ܭ௜, (௝ݓ = exp (−ߛ ∥ ௜ݓ − ௝ݓ ∥2), (Equation 17) 

 ௝ are the coefficients associated with support vectors, and ܾ is the bias term. The regularizationߙ 

parameter ܥ and the epsilon insensitive loss parameter ߝ were tuned by Bayesian optimization 

on the training set, with search ranges ܥ ∈ [10−3, 210] and ߝ ∈ [0,0.5]. The best configuration 
according to internal cross validation error was used to fit the final SVR model and generate 
predictions for the test genotypes (Drucker et al. 1997; Smola and Schölkopf 2004; Karatzoglou 
et al. 2004; Jones et al. 1998; Bischl et al. 2023). 

Data Analysis 

Data analysis was performed in R (version 4.1.2). Data cleaning, filtering, and reshaping of time 
series data were conducted using dplyr (Wickham et al. 2022), tidyr (Wickham et al. 2019), stringr 
(Wickham 2019), and purrr (Henry and Wickham 2022). Mixed models used to derive adjusted 
means and phenomic relationship-based predictions were fitted with sommer (Covarrubias-
Pazaran 2016). Bayesian regression models, including RKHS regression and Bayesian LASSO, 
were implemented with BGLR (Pérez and los Campos 2014). Random forest regression was 
carried out with ranger (Wright and Ziegler 2017), gradient boosting with xgboost (Chen et al. 
2022), and support vector regression with kernlab (Karatzoglou et al. 2004). Hyperparameter 
optimization for machine learning models was based on Bayesian optimization using mlrMBO 
(Bischl et al. 2017) together with smoof (Bossek 2017), ParamHelpers (Bischl et al. 2022), lhs 
(Carnell 2022), DiceKriging (Roustant et al. 2012), and mlr (Bischl et al. 2016). Parallel 
computation across traits was implemented with foreach (Microsoft Coorperation and Weston 
2022), doParallel (Microsoft Coorperation and Weston 2022), and parallel (R Core Team 2021), 
while the number of computational threads per model was explicitly restricted to control 
computational load. 

 

 

 

 

 

 

 

 

 

 



Results 

Temporal dynamics of prediction accuracy across predictor sets 

Prediction accuracy varied strongly among traits, predictor sets, and time points (Figure 2). 
Across the major traits, the highest values were generally achieved when spectral and structural 
information were combined, particularly under cumulative prediction. Total grain yield reached a 
maximum median prediction accuracy of 0.75 for cumulative VI + 3D at DAS 93, while cumulative 
water uptake showed the strongest overall performance in the dataset, peaking at 0.80 for 
cumulative VI + 3D at DAS 97. A similar tendency was observed for total straw biomass, for which 
cumulative VI + 3D yielded the highest value at 0.66 at DAS 104. These patterns indicate that the 
joint use of VI and 3D information was especially advantageous for complex biomass- and yield-
related traits and that cumulative predictor integration often increased predictive performance 
relative to single-day prediction. 

For several component traits, however, the strongest performance was obtained with 3D 
predictors alone. Grain number reached its highest median accuracy under cumulative 3D 
prediction at 0.70 at DAS 108, whereas pod number was best predicted by cumulative 3D at 0.55 
at DAS 63. Mean internode length showed comparably high values for both 3D and combined 
predictors, with the overall maximum observed for single day VI + 3D at 0.67 at DAS 82. In 
contrast, productive tillers, thousand kernel weight, and WUE were predicted with only moderate 
accuracy overall. Productive tillers peaked at 0.38 for single-day VI + 3D at DAS 109, thousand 
kernel weight at 0.43 for single-day VI + 3D at DAS 91, and WUE at 0.44 for single-day 3D at DAS 
67. Taken together, these results show that both the optimal prediction window and the most 
informative predictor set were clearly trait specific, although combined VI + 3D predictors 
provided the most consistent advantage for the main agronomic target traits. 

Figure 2 Temporal dynamics of prediction accuracy across days after sowing for nine agronomic traits under 

single-day (A) and cumulative (B) prediction. Lines represent the median prediction accuracy aggregated across 

the six prediction models VIBLUP, RKHS, BL, RF, XGB, and SVM for each day after sowing. Predictor sets are shown 
for vegetation indices (VI), three-dimensional traits (3D), and their combination (VI + 3D). 



The timing of near-peak prediction performance, defined as the first time point reaching 95% of 
peak prediction accuracy, differed markedly among traits and predictor sets. (Figure 3). For the 
major traits, cumulative prediction not only achieved the highest peak accuracies but also 
provided comparatively broad temporal windows in which prediction performance remained 
close to the maximum. Total grain yield under cumulative VI + 3D reached 95% of its peak already 
at DAS 84 and attained its maximum at DAS 93, while the corresponding window extended until 
DAS 109 and covered 26 days. A similarly broad and late prediction window was observed for 
cumulative water uptake, where cumulative VI + 3D reached 95% of peak performance at DAS 90, 
peaked at DAS 97, and retained high performance until DAS 109, corresponding to a plateau width 
of 20 days. Total straw biomass followed the same general pattern, although the useful prediction 
window began somewhat later, with cumulative VI + 3D reaching 95% of peak accuracy at DAS 96 
and peaking at DAS 104. These results indicate that for the main biomass- and yield-related traits, 
cumulative prediction often enabled robust forecasting across an extended late-season period 

rather than at a single isolated time point. 

For several component traits, the temporal pattern was more strongly predictor-set specific. 
Grain number showed a particularly broad window under cumulative 3D prediction, with 95% of 
peak accuracy already reached at DAS 81 and the maximum observed only at DAS 108, resulting 
in a 29-day plateau. Pod number displayed the most extended window in the entire dataset, with 
cumulative 3D reaching 95% of peak performance at DAS 60 and maintaining this level until DAS 
109, corresponding to a plateau width of 50 days, even though the peak itself occurred much 
earlier at DAS 63. Mean internode length likewise showed a long high-performance phase, 
especially under cumulative 3D and cumulative VI + 3D, where prediction remained near peak 
across 46 and 41 days, respectively. In contrast, productive tillers, thousand kernel weight, and 
WUE were characterized by distinctly narrower useful windows. Productive tillers under single-
day VI + 3D peaked only at DAS 109 and showed a plateau width of just 1 day, while WUE under 
single-day 3D also reached both 95% of peak and its absolute maximum at DAS 67, again with a 

Figure 3 Timing of earliest near-peak prediction and peak prediction across traits and predictor sets. Circles indicate 

the earliest day after sowing (DAS) at which predictive ability reached at least 95% of the peak, and triangles indicate 

the DAS of maximum predictive ability. Results are shown for single-day and cumulative prediction using VI, 3D, and 
VI + 3D predictors. Horizontal segments connect the earliest useful prediction day to the peak day. 



plateau width of 1 day. Thousand kernel weight was similarly constrained, with the best-
performing setup, single-day VI + 3D, reaching 95% of peak accuracy at DAS 90 and peaking at 
DAS 91, resulting in a plateau width of only 2 days. Taken together, these results show that some 
traits can be predicted reliably across broad developmental windows, whereas others require a 
much narrower and more precisely targeted prediction period. 

Prediction performance under single-day and cumulative approaches 

Within the combined VI + 3D predictor set, prediction performance differed among models, 
although the magnitude of these differences depended strongly on the trait and prediction mode 
(Figure 4 A, B, VI and 3D can be found in Supplementary Figure S1 and Figure S2). For the major 
agronomic target traits, Bayesian LASSO and VIBLUP generally showed the strongest and most 
stable performance across the season. Under cumulative prediction, total grain yield reached the 
highest across-season median accuracy with both, VIBLUP and Bayesian LASSO at 0.75. A similar 
pattern was observed for total straw biomass, where Bayesian LASSO achieved a median of 0.66 
and VIBLUP 0.65, and for cumulative water uptake, where both models performed best with a 
median of 0.64. Grain number and mean internode length followed the same general trend, with 
Bayesian LASSO showing the highest median accuracies under both cumulative and single-day 
prediction. These results indicate that for the principal integrative and biomass-related traits, the 
strongest predictive performance within the fused VI + 3D setup was consistently obtained by the 
linear shrinkage-based and relationship-based models. 

For several secondary traits, the model ranking was less uniform and overall accuracies remained 
substantially lower. Pod number was again best predicted by Bayesian LASSO, with median 
accuracies of 0.51 under cumulative and 0.45 under single-day prediction. In contrast, 
productive tillers and WUE showed their highest cumulative medians under RKHS, reaching 0.12 
and 0.43, respectively, while thousand kernel weight under cumulative prediction was best 
captured by SVM with a median of 0.12. Under single-day prediction, however, Bayesian LASSO 
was the best-performing model for all three of these traits, although absolute accuracies 
remained modest, particularly for productive tillers and WUE. Across traits, XGBoost most often 
showed the weakest performance and was especially inferior for single-day prediction, where its 
median accuracy dropped to 0.45 for total grain yield, 0.36 for total straw biomass, 0.27 for pod 
number, and only 0.08 for thousand kernel weight. Taken together, these results show that model 
choice mattered substantially within the VI + 3D predictor set, with Bayesian LASSO and VIBLUP 
providing the most robust overall performance for the main target traits, whereas nonlinear 
approaches only occasionally offered an advantage for more difficult component traits.  

The effect of cumulative prediction relative to single-day prediction was strongly trait dependent 
(Figure 5). Clear gains were observed for several major agronomic traits, especially total grain 
yield, cumulative water uptake, total straw biomass, and grain number. The strongest 
improvement was found for total grain yield with VI predictors, where cumulative prediction 
increased peak predictive ability by 0.11, followed by cumulative water uptake with VI at 0.10. 
Positive but smaller gains were also observed for total straw biomass across all predictor sets 
and for grain number, particularly under 3D prediction. Table 1 further shows that these 
differences were often accompanied by marked shifts in prediction timing. For grain yield, 
cumulative prediction delayed the DAS of peak predictive ability by 33 days and VI, 12 days under 
3D und 14 days und VI + 3D. In addition, the earliest DAS at which at least 95% of peak predictive 
ability was reached was often shifted, indicating that cumulative prediction changed not only the 
magnitude of prediction accuracy but also the temporal position of useful prediction windows. 
These results indicate that cumulative integration often improved prediction of broad biomass- 
and yield-related traits. In contrast, cumulative prediction was not consistently advantageous for 



all traits and frequently shifted high prediction windows toward later developmental stages. 
Productive tillers showed the strongest decline under cumulative prediction with reductions in 
peak predictive ability of -0.16, -0.09, and -0.07 for VI, 3D, and VI + 3D, respectively (Table 1). 
Thousand kernel weight and mean internode length also tended to perform less well when 
information across time points was combined. WUE and pod number showed mixed responses 
depending on the predictor set. Table 1 further indicates that cumulative prediction altered not 
only prediction strength but also the temporal position and width of useful prediction windows, 

Figure 4 Model-specific prediction performance within the combined VI + 3D predictor set. Boxplots summarize the 

distribution of DAS-specific predictive abilities across the season for each prediction model and trait, shown 
separately for single-day predictions (A) and cumulative predictions (B). Number over the quartile represents the 
median prediction accuracy. 



with trait- and predictor-set-specific shifts in peak DAS and in the onset and end of the 95% 
performance interval. Overall, cumulative prediction was most beneficial for integrative target 
traits, whereas several component traits were predicted equally well or better from single-day 
information. 

 

 

Trait Predictor 

set 

Δ↑ 

Cum / Sd 

Δx ̄

Cum / Sd 

Δ↑ DAS 
Cum / Sd 

Δ DAS95 

Cum / Sd 

Δ late DAS95 

Cum / Sd 

Grain yield VI 0.114 0.176 33 32 41 

Grain yield 3D -0.034 0.048 12 -1 22 

Grain yield VI + 3D 0.048 0.077 14 7 22 

Straw Biomass VI 0.045 0.163 38 18 42 

Straw Biomass 3D 0.023 0.015 32 18 16 

Straw Biomass VI + 3D 0.056 0.024 26 19 16 

Grain number VI -0.002 0.091 41 39 34 

Grain number 3D 0.057 0.095 38 18 26 

Grain number VI + 3D 0.025 0.083 24 18 26 

Pod number VI -0.016 0.052 46 46 46 

Pod number 3D 0.020 0.064 2 0 44 

Pod number VI + 3D 0.026 0.042 28 24 5 

MIL VI -0.009 0.084 3 0 5 

MIL 3D -0.020 0.076 1 1 23 

MIL VI + 3D -0.015 0.082 -4 5 27 

WUE VI 0.035 0.145 8 15 11 

WUE 3D -0.036 0.147 12 3 31 

WUE VI + 3D -0.010 0.142 7 15 12 

CWU VI 0.099 0.125 0 0 11 

CWU 3D 0.007 0.019 15 8 14 

CWU VI + 3D 0.033 0.031 6 6 12 

Nr. of tillers VI -0.161 -0.060 5 5 5 

Nr. of tillers 3D -0.086 -0.017 1 -2 0 

Nr. of tillers VI + 3D -0.071 0.024 -8 -10 -5 

TKW VI -0.127 -0.045 5 2 9 

TKW 3D 0.017 0.017 15 8 19 

TKW VI + 3D -0.068 -0.026 10 7 14 

       

 

 

Table 1 Differences between cumulative and single-day prediction with respect to prediction strength and prediction 

timing.MIL = Mean internode length, WUE = water use efficiency, CWU = cumulative water uptake, TKW = thousand 

kernel weight, VI = vegetation indices only; 3D = 3D structural traits only, Cum = cumulative prediction; Sd = single-day 

prediction; DAS = days after sowing. Δ↑ denote differences in peak predictive ability. Δx̄  denote differences in mean 

predictive ability across all DAS. Δ↑ DAS denote differences in the DAS at which peak predictive ability occurred. 
ΔDAS95 denote differences in the earliest DAS at which at least 95% of the scenario-specific peak predictive ability was 

reached. Δ late DAS95 denote differences in the latest DAS at which at least 95% of the scenario-specific peak 

predictive ability was reached. Positive values indicate larger values for cumulative prediction than for single-day 
prediction; negative values indicate smaller values. 



 

 

Prediction performance across different predictor sets 

The comparison of predictor sets across the full range of DAS-specific prediction results 
confirmed that predictive performance was strongly trait specific, but also revealed consistent 
differences among VI, 3D, and combined VI + 3D predictors (Figure 6 A, B, Table 2, Figure 7). 
Detailed model-specific comparisons across predictor sets for both the single-day and 
cumulative approaches are provided in Supplementary Figures S4 and S5. Under single-day 
prediction, the combined predictor set generally provided the strongest overall performance for 
the major target traits. Total grain yield showed the highest across-season median predictive 
ability for single-day VI + 3D at 0.56, compared with 0.52 for 3D and 0.38 for VI alone. A very similar 
pattern was observed for total straw biomass, where VI + 3D reached a median of 0.52, narrowly 
exceeding 3D at 0.51 and clearly outperforming VI at 0.12. Cumulative water uptake likewise 
benefited from predictor fusion, with single-day VI + 3D showing the highest median value at 0.50, 
followed by 3D at 0.47 and VI at 0.41. The same tendency was observed for grain number and 
mean internode length, for which the combined predictor set again yielded the highest median 
performance across the season. These results indicate that, when only one timepoint was used, 
integrating spectral and structural information generally improved the robustness of prediction 
across developmental stages. Table 2 supports this pattern by showing positive differences in 
peak predictive ability of VI + 3D relative to VI for all single-day traits, ranging from 0.04 for WUE 
to 0.33 for mean internode length, while the corresponding advantage of VI + 3D over 3D was 
generally smaller and in several cases close to zero. 

Some traits, however, showed weaker or more variable gains from predictor fusion. Pod number 
was more accurately predicted by 3D alone, with a median predictive ability of 0.43 under single-
day prediction, compared with 0.41 for VI + 3D and only 0.08 for VI. Productive tillers and 

Figure 5 Difference in peak predictive ability between cumulative and single-day prediction across traits and 
predictor sets. Positive values indicate an advantage of cumulative prediction, whereas negative values indicate 
higher peak performance for single-day prediction. 



thousand kernel weight showed only modest overall prediction levels, although VI + 3D still 
provided the highest median performance for both traits. WUE also remained moderate overall, 
but single-day VI + 3D again slightly outperformed the individual predictor sets. Under cumulative 
prediction, the relative ranking of predictor sets became more differentiated. VI + 3D remained 
superior for total grain yield, cumulative water uptake, mean internode length, and productive 
tillers, with median values of 0.66, 0.56, 0.64, and 0.10, respectively. In contrast, 3D alone 

Figure 6 Comparison of predictor sets across traits based on DAS-specific predictive abilities aggregated across 

models. Boxplots show the distribution of model-aggregated predictive abilities across all evaluated DAS for each 

trait and predictor set, presented separately for single-day predictions (A) and cumulative predictions (B). Number 
over the quartile represents the median prediction accuracy. 



provided the strongest cumulative predictions for grain number, pod number, thousand kernel 
weight, and WUE, and it performed nearly identically to VI + 3D for total straw biomass. VI alone 
was consistently the weakest predictor set for most traits and was particularly inferior for total 
straw biomass, grain number, pod number, and mean internode length. This shift is also reflected 
in Table 2, where cumulative VI + 3D retained a clear advantage over VI for grain yield, straw 
biomass, cumulative water uptake, and productive tillers, but not consistently over 3D. For grain 
number and pod number, for example, the cumulative difference in peak predictive ability 
between VI + 3D and 3D was negative (-0.02 and -0.06, respectively), indicating that 3D alone 
slightly outperformed the fused predictor set for these traits. Figure 7 further highlights these 
contrast patterns by directly comparing the peak predictive ability of different predictor-set pairs 
within single-day and cumulative prediction. Across traits, the largest positive differences were 
generally observed when VI + 3D was compared with VI, whereas contrasts between VI + 3D and 
3D were often much smaller and in some cases negative. This was especially evident for 
cumulative grain number and pod number, where 3D exceeded VI3D, and for single-day thousand 
kernel weight, where VI + 3D still showed an advantage over both VI and 3D.Taken together, these 
results show that predictor fusion most consistently improved performance for the main 
integrative agronomic traits, whereas 3D predictors alone were often sufficient, and in some 
cases superior, for more structural component traits. 

 

Trait Temporal 

strategie 

Δ↑ 
VI3D/ 

VI 

Δ↑ 
VI3D/ 

3D 

Δx̄ 
VI3D/ 

3D 

Δx̄ 
VI3D / 

VI 

Δ↑ DAS 
VI3D/  

VI 

Δ↑ DAS 
VI3D / 

3D 

ΔDAS95 
VI3D / 

VI 

ΔDAS95 
VI3D / 

3D 

Grain yield Sd 0.166 0.004 0.175 0.046 12 -6 14 -8 

Grain Yield Cum 0.100 0.085 0.076 0.076 -7 -4 -11 0 

Straw Biomass Sd 0.314 0.011 0.403 0.007 15 1 14 5 

Straw Biomass Cum 0.325 0.043 0.264 0.016 3 -5 15 6 

Grain number Sd 0.239 0.010 0.286 0.000 14 11 -2 0 

Grain number Cum 0.267 -0.022 0.278 -0.012 -3 -3 -23 0 

Pod number Sd 0.243 -0.063 0.327 -0.033 18 20 -5 -2 

Pod number Cum 0.285 -0.057 0.317 -0.054 0 46 -27 22 

MIL Sd 0.332 0.000 0.438 -0.010 -2 13 -20 1 

MIL Cum 0.326 0.006 0.436 -0.004 -9 8 -15 5 

WUE Sd 0.043 -0.013 0.050 0.009 -9 5 -9 -9 

WUE Cum -0.002 0.013 0.046 0.004 -10 0 -9 3 

CWU Sd 0.222 0.025 0.159 0.047 -5 6 -7 0 

CWU Cum 0.156 0.051 0.065 0.058 1 -3 -1 -2 

Nr. of tillers Sd 0.144 0.063 0.122 0.016 8 2 9 3 

Nr. of tillers Cum 0.233 0.077 0.206 0.057 -5 -7 -6 -5 

TKW Sd 0.063 0.088 0.058 0.009 -4 2 -4 1 

Table 2 Differences between the combined predictor set (VI3D) and the individual predictor sets VI and 

3D with respect to prediction strength and prediction timing. MIL = Mean internode length, WUE = water 
use efficiency, CWU = cumulative water uptake, TKW = thousand kernel weight, VI3D = combined 

vegetation indices and 3D structural traits; VI = vegetation indices only; 3D = 3D structural traits only; 

DAS = days after sowing. Δ↑ denote differences in peak predictive ability. Δx̄  denote differences in mean 

predictive ability across all DAS. Δ↑ DAS denote differences in the DAS at which peak predictive ability 
occurred. ΔDAS95 denote differences in the earliest DAS at which at least 95% of the scenario-specific 

peak predictive ability was reached. Positive values indicate larger values for VI3D than for the respective 
comparator; negative values indicate smaller values. 



TKW Cum 0.122 0.003 0.076 -0.034 1 -3 1 0 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7 Difference in peak predictive ability between different predictor sets across traits and time periods. 

Positive values indicate an advantage of the respective predictor set. 



Observation versus predicted values 

The observed versus predicted scatterplots confirmed the strong predictive performance 
obtained for the main target traits (Figure 8; Supplementary Table S2). The best correlation 
between observed and predicted values was found for cumulative water uptake, with a 
correlation of 0.79 for cumulative VI + 3D prediction using VIBLUP at DAS 94. Total grain yield 
showed similarly strong performance, reaching a correlation of 0.77 for cumulative VI + 3D with 
VIBLUP at DAS 93. Grain number was also predicted reliably, with the best setup given by 
cumulative 3D prediction with VIBLUP at DAS 63, resulting in a correlation of 0.69. Total straw 
biomass showed the weakest, but still moderate, correlation among the four displayed traits, 
with a value of 0.65 for cumulative VI + 3D prediction using Bayesian LASSO at DAS 105. The 
scatterplots of the remaining traits are provided in the Supplementary Figure S3. 

Figure 8 Observed versus predicted values for the selected target traits under the best-performing prediction setup 

for each trait. Predictions are shown for total grain yield (A), grain number (B), pod number (C), and cumulative 
water uptake (D), using the predictor set, model, and day after sowing (DAS) that yielded the highest performance 

for each trait. Each point represents one genotype, and the predicted value corresponds to the genotype-wise 

median across all repeated cross-validation runs. The dashed line indicates the 1:1 relationship between observed 
and predicted values. 

A B 

C D 



Discussion 

Trait-specific differences between different predictor sets 

A central finding of the present study is that the predictive value of phenomic data was strongly 
trait dependent and that the relative contribution of vegetation indices, 3D-derived traits, and 
their combination differed systematically among trait classes. The combined VI + 3D predictor 
set was most advantageous for the major integrative target traits, particularly grain yield, straw 
biomass, and cumulative water uptake, whereas several component traits, including grain 
number and pod number, were predicted equally well or better by 3D information alone. This 
pattern is biologically plausible because vegetation indices and 3D descriptors capture partly 
distinct, but complementary, dimensions of plant performance. Vegetation indices primarily 
reflect canopy-level variation associated with chlorophyll content, greenness, canopy cover, and 
stress-related changes in plant status, whereas 3D phenotyping describes structural properties 
such as canopy height, volume, surface configuration, and architectural uniformity (Tayade et al. 
2022; Liu et al. 2019). Under drought, these dimensions jointly contribute to final plant 
performance, but they do not necessarily vary in parallel across development (Mansoor and 
Chung 2024). Predictor fusion is therefore likely to be most effective for traits that integrate both 
physiological condition and structural development over time. This interpretation is consistent 
with the broader drought-phenotyping literature, which shows that water limitation 
simultaneously affects canopy function, pigment dynamics, biomass formation, and plant 
architecture, and that these responses are only partly recoverable from any single sensor domain 
(Mansoor and Chung 2024; Tayade et al. 2022; Liu et al. 2019). 

The same reasoning also explains why 3D predictors were particularly competitive for several 
structural or component traits. Traits such as pod number, grain number, and internode-related 
morphology are often more directly linked to plant architecture than to canopy spectral behavior 
alone. In cereals and legumes, studies combining structural descriptors with multispectral 
information have repeatedly shown that canopy geometry contributes substantially to the 
prediction of biomass-related and architecture-related traits, and in some cases already 
captures most of the usable signal (Ji et al. 2024; Panigrahi et al. 2025; Sankaran et al. 2018). 
Earlier work in faba bean and related crops has likewise shown that plant height and other 
structure-derived descriptors can be strongly associated with growth stage and yield formation 
(Ji et al. 2022; Mohammadi et al. 2024), while the addition of structural information to spectral 
predictors does not invariably increase predictive ability for every target trait. The present results 
therefore support a biologically differentiated interpretation in which predictor fusion is 
particularly valuable for highly integrative agronomic traits, whereas 3D descriptors alone may 
already be close to sufficient for more architecture-driven components. More broadly, these 
findings indicate that the optimal sensing strategy depends less on maximizing data volume than 
on matching predictor composition to the functional nature of the target trait. 

Direct evidence for the relative value of fused spectral and structural predictors in faba bean 
remains limited, which makes the present results particularly relevant in the context of legume 
phenomics (Ji et al. 2022; Mohammadi et al. 2024; Ji et al. 2024). 

Cumulative versus single-day prediction 

The comparison between cumulative and single-day prediction represents a second key result of 
the present study. Cumulative prediction improved predictive ability for traits such as grain yield, 
straw biomass, cumulative water uptake, and partly grain number, but this advantage was not 
universal across all traits. This pattern is biologically meaningful because these traits are not 



instantaneous properties, but seasonally integrated outcomes of canopy establishment, stress 
adaptation, biomass accumulation, and source-sink regulation (Adak et al. 2024; Chatterjee et 
al. 2023). In such cases, cumulative predictors do not merely summarize a larger number of 
observations but rather encode the developmental trajectory itself. Repeated phenomic 
measurements can therefore retain information on how a genotype reached a given phenotypic 
state, which may be more informative than the state observed at any single timepoint alone (Adak 
et al. 2023b; Adak et al. 2023a). This interpretation is consistent with the broader literature on 
longitudinal crop phenotyping, where repeated measurements have frequently improved the 
prediction of growth-related and stress-related traits when trait expression reflects cumulative 
developmental processes rather than isolated snapshots (Adak et al. 2023b; Chatterjee et al. 
2023). 

At the same time, the present results clearly indicate that cumulative prediction should not be 
regarded as inherently superior. Traits such as productive tillers, thousand kernel weight, and, 
depending on the predictor set, WUE and mean internode length did not consistently benefit from 
temporal accumulation. This is likewise biologically plausible. Some traits are governed by 
relatively narrow developmental phases, and the most informative signal may therefore be 
concentrated at a specific stage rather than distributed across the season. When information 
from multiple dates is combined, such stage-specific signals may be diluted by less informative 
observations from earlier or later developmental phases. This interpretation is supported by crop-
specific studies in faba bean and cereals showing that the predictive relationship between image-
derived traits and agronomic performance is often strongly stage dependent and that the most 
informative time points are not uniformly distributed across the season (Mohammadi et al. 2024; 
Ji et al. 2022; Adak et al. 2023a). The present findings therefore suggest that cumulative prediction 
should be understood as a trait-specific strategy rather than a generally preferable one. For traits 
with strongly integrated seasonal biology, cumulative information can substantially improve 
predictive performance, whereas for developmentally narrower or more discrete component 
traits, carefully targeted single-day models may remain both more efficient and more biologically 
appropriate (Mohammadi et al. 2024). The present results also suggest that dense temporal 
sampling is not equally necessary for all traits. For traits with broad high-performance windows, 
a reduced number of strategically placed measurements may capture much of the relevant 
predictive signal, whereas narrow-window traits are more likely to require finer temporal 
resolution (Chatterjee et al. 2023; Mohammadi et al. 2024). 

A closely related aspect is the width of the useful prediction window. The analysis of earliest 
useful prediction and peak prediction showed that some traits were associated with broad 
windows of near-maximal performance, whereas others exhibited distinctly narrow high-
performance phases. Broad plateaus may indicate that the relevant phenotypic information 
remains sufficiently stable across an extended developmental period, which is likely to be the 
case for strongly integrative traits such as grain yield, biomass-related traits, and cumulative 
water uptake. In contrast, narrow windows suggest that the relevant signal is more tightly linked 
to a restricted developmental stage or is only transiently expressed at the canopy level (Adak et 
al. 2024; Mohammadi et al. 2024). This distinction is not only statistically relevant, but also 
biologically informative, because it reflects how directly and how persistently a given trait is 
represented in canopy-level phenomic measurements. It also has clear methodological 
implications, since the value of repeated phenotyping depends not only on peak accuracy, but 
also on whether informative phenotypic differences remain detectable across a broad or narrow 
temporal interval (Chatterjee et al. 2023; Adak et al. 2023b). 

 



Added value of multispectral information beyond 3D phenotyping 

An additional practical question arising from the present results is whether multispectral 
information is always needed when high-quality 3D canopy data is already available. For several 
major integrative target traits, especially grain yield, straw biomass, and cumulative water 
uptake, the combined VI + 3D predictor set slightly outperformed 3D alone, indicating that 
spectral information captured biologically relevant variation that was not fully represented by 
canopy structure. By contrast, for several component traits, 3D predictors were similarly effective 
or even superior, suggesting that structural information already contained most of the usable 
predictive signal. 

This distinction is biologically plausible. Three-dimensional phenotyping primarily captures 
architectural properties such as canopy height, volume, and spatial organization (Liu et al. 2019; 
Tripodi et al. 2024), whereas vegetation indices are more closely related to canopy greenness, 
pigment status, moisture-related variation, and general plant health or stress condition (Tayade 
et al. 2022; Tripodi et al. 2024). In other words, 3D data can describe how the canopy is built, but 
not to the same extent how physiologically functional or stressed the canopy is at a given time 
(Liu et al. 2019; Ninomiya 2022). Reviews of spectral phenotyping emphasize that vegetation 
indices are frequently used to predict chlorophyll status, health, moisture, and production-
related variation, whereas digital plant phenotyping platforms are particularly powerful for 
retrieving architectural traits. 

From a practical breeding perspective, the key question is therefore not whether multispectral 
sensing is always superior, but whether its added value is large enough to justify the additional 
investment in sensors, calibration, data processing, and workflow complexity (Young 2019; Araus 
et al. 2018; Ninomiya 2022). Recent faba bean and legume studies support this differentiated 
view. In faba bean, multimodal fusion improved estimation accuracy for several biomass- and 
yield-related targets (Ji et al. 2024), while other studies showed that RGB or structural descriptors 
could already provide strong prediction for some traits or stages (Ji et al. 2022; Mohammadi et al. 
2024; Panigrahi et al. 2025). Thus, multispectral information appears most worthwhile when the 
target trait integrates both structural development and physiological status, whereas for more 
architecture-driven traits a simpler 3D-focused workflow may already be sufficient. 

Interpretation of model-specific performance 

Although predictor set and temporal strategy had the strongest overall influence on prediction 
performance, model choice also contributed meaningfully to trait-specific differences in 
accuracy. In particular, the consistently strong performance of Bayesian LASSO and VIBLUP for 
several major target traits suggests that a substantial proportion of the predictive signal was 
captured by distributed, partly correlated effects across phenomic predictors rather than by 
highly irregular local nonlinearities. This interpretation is compatible with previous work in 
phenomic and relationship-based prediction, where shrinkage-based and kernel- or relationship-
based approaches often provided robust performance for complex agronomic traits (Pérez and 
los Campos 2014; Rincent et al. 2018; Krause et al. 2019; Roscher-Ehrig et al. 2024). At the same 
time, the occasional advantages of more flexible nonlinear models for specific component traits 
indicate that trait architecture may differ in the extent to which nonlinear predictor interactions 
contribute to predictive performance. Model choice should therefore be interpreted as trait 
dependent rather than universally hierarchical. 

 

 



Practical implications for phenotyping and breeding 

The present findings have direct implications for the design of phenotyping strategies under 
drought stress. Most importantly, they indicate that sensor selection and temporal design should 
be tailored to the biology of the target trait rather than maximizing sensor complexity by default 
(Young 2019; Araus et al. 2018; Ninomiya 2022). For highly integrative target traits such as grain 
yield and cumulative water uptake, the combined use of VI and 3D information appears justified 
because it provided the strongest and most stable predictions. In these cases, the added 
complexity of multisensor acquisition may be justified by improved predictive performance and 
more reliable genotype ranking under stress (Ji et al. 2024; Panigrahi et al. 2025). By contrast, for 
traits in which 3D predictors alone performed similarly to or better than fused predictors, a more 
architecture-focused workflow may be sufficient. This is particularly relevant from the 
perspective of throughput, acquisition costs, data-processing demands, and operational 
scalability (Young 2019; Ninomiya 2022). Field-based high-throughput phenotyping is 
constrained not only by sensor capability, but also by the need to balance biological relevance, 
logistical feasibility, and breeding utility (Araus et al. 2018; Young 2019). 

The temporal results are equally important for practical deployment. Broad high-performance 
windows imply that measurements can be scheduled with a certain degree of flexibility without 
major loss of predictive ability, which is advantageous under field conditions where weather, 
labor availability, and platform access often constrain the timing of flights or scans (Chatterjee et 
al. 2023; Hein et al. 2021). Narrow windows, in contrast, indicate that successful phenotyping 
requires more precise developmental targeting. From a breeding perspective, this distinction is 
highly relevant because it helps define where flexible routine monitoring is sufficient and where 
high-resolution or stage-specific phenotyping is necessary. More broadly, the results support the 
view that phenomic prediction can serve as an efficient indirect selection tool when it is aligned 
with the temporal biology of the target trait (Rincent et al. 2018; Rebetzke et al. 2019). This is 
especially relevant for breeding targets that are difficult, labor-intensive, or destructive to 
phenotype directly at scale (Rebetzke et al. 2019; Hein et al. 2021). The present findings therefore 
do not merely compare alternative predictor sets, but also provide a practical framework for 
prioritizing sensing modalities and measurement schedules according to trait class and breeding 
objective (Chawade et al. 2019; Araus et al. 2018). In practice, the value of additional sensor 
domains will depend not only on predictive gain but also on whether these gains justify the added 
complexity of data acquisition, processing, and deployment in breeding pipelines (Young 2019; 
Araus et al. 2018). 

 

Limitations and outlook 

Several limitations should be considered when interpreting the present findings. First, the 
observed ranking of predictor sets, models, and temporal strategies should not be regarded as 
universally transferable without further validation across years, environments, and drought 
scenarios. Canopy reflectance and structural development are both strongly shaped by 
environmental conditions, and the optimal combination of sensor modality and timing may shift 
depending on stress intensity, stress timing, radiation regime, or differences in plant architecture 
across germplasm (Roth et al. 2023; Marsh et al. 2021; Ji et al. 2024). This limitation is widely 
recognized in image-based phenotyping studies, where predictive performance often proves 
context dependent unless explicitly evaluated across multiple environments (Roth et al. 2023; 
Kaushal et al. 2024). The present results should therefore be interpreted as robust within the 



experimental setting examined here, while broader generalization will require independent 
validation under additional conditions. 

An additional limitation relates to the experimental platform. The study was conducted in the 
DroughtSpotter XXL, a semi-controlled container-based phenotyping system designed to 
approximate field-like growth conditions. While this setup enables high-resolution control of 
water supply and canopy development, it also reduces some aspects of field heterogeneity and 
constrains rooting volume relative to open-field conditions. Predictor rankings and optimal 
prediction windows identified under such conditions may therefore not fully transfer to field 
environments without independent validation (Moritz et al. 2024; Scheer et al. 2026). 

Second, the lower predictive ability observed for traits such as WUE, thousand kernel weight, and 
productive tillers should not be interpreted simply as a methodological shortcoming. These traits 
are not directly observable canopy properties, but rather downstream, composite, or ratio-type 
outcomes that integrate complex interactions among multiple traits and may be only indirectly 
reflected in image-derived phenotypes (Cai et al. 2021; Rebetzke et al. 2019). Weaker predictions 
for such traits may therefore indicate a biological mismatch between the target variable and what 
canopy-level spectral or structural descriptors can realistically encode. This point is important 
because it cautions against assessing phenomic prediction solely in terms of model performance 
without considering trait observability. Some agronomic traits are intrinsically more difficult to 
infer from canopy-level imagery than others, even under otherwise well-designed modeling 
frameworks (Rebetzke et al. 2019; Cai et al. 2021). 

A further issue concerns prediction timing. For several major agronomic traits, the strongest 
prediction windows were located relatively late in development. This is scientifically informative 
because it indicates strong end-of-season inferential power, but it is less directly aligned with 
breeding scenarios in which early selection is particularly valuable. One of the most relevant next 
steps will therefore be to determine whether similar predictive robustness can be achieved earlier 
in the season through improved temporal feature engineering, stage-aware modeling, or 
alternative predictor construction (Mohammadi et al. 2024; Ji et al. 2022; Adak et al. 2024). In 
addition, the moderate performance of image-based prediction for some traits suggests that 
integrated phenomic and genomic approaches may be especially promising where canopy 
imagery alone does not capture sufficient information (Marsh et al. 2021; Volk et al. 2021; Kaushal 
et al. 2024). Rather than indicating that one sensor domain or one temporal design is generally 
optimal, the present results emphasize that successful drought phenotyping depends on 
matching predictor composition, temporal strategy, and model choice to the biological 
properties of the target trait, and on validating these choices under environments relevant to 
breeding practice (Marsh et al. 2021; Roth et al. 2023). 

 

Conclusion 

Phenomic prediction under drought was strongly trait dependent and influenced by both 
predictor composition and temporal design. Combined VI + 3D predictors provided the clearest 
advantage for major integrative traits such as grain yield, straw biomass, and cumulative water 
uptake, whereas several component traits were predicted equally well or better by 3D information 
alone. Cumulative prediction improved performance for traits with a strong seasonal integrative 
basis, but this advantage was not universal across all targets. 

These findings indicate that effective phenomic prediction depends on matching sensor domain, 
temporal strategy, and modeling approach to the biological nature of the target trait. From a 



breeding perspective, multisensor prediction appears particularly promising for complex 
agronomic targets, while simpler trait-specific phenotyping strategies may be sufficient for more 
architecture-related components. 
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Supplementary Figure S1 Model-specific prediction performance within the combined 3D predictor set. Boxplots 
summarize the distribution of DAS-specific predictive abilities across the season for each prediction model and trait, 

shown separately for single-day predictions (A) and cumulative predictions (B). Number over the quartile represents 
the median prediction accuracy. 



 

 

 

 

Supplementary Figure S2 Model-specific prediction performance within the combined VI predictor set. Boxplots 

summarize the distribution of DAS-specific predictive abilities across the season for each prediction model and trait, 

shown separately for single-day predictions (A) and cumulative predictions (B). Number over the quartile represents 
the median prediction accuracy. 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Figure S3 Observed versus predicted values for the selected target traits under the best-
performing prediction setup for each trait. Predictions are shown for total grain yield, grain number, cumulative 

water uptake, and total straw biomass, using the predictor set, model, and day after sowing (DAS) that yielded the 

highest performance for each trait. Each point represents one genotype, and the predicted value corresponds to 

the genotype-wise median across all repeated cross-validation runs. The dashed line indicates the 1:1 relationship 
between observed and predicted values. 



 

Supplementary Figure S4 Grouped boxplots of predictive ability for the Single-day setting across all traits. Within each trait, prediction accuracies are shown for six 
models and three predictor sets (VI, 3D, and VI + 3D) across the evaluated days after sowing. 

 



 

Supplementary Figure S5 Grouped boxplots of predictive ability for the cumulative setting across all traits. Within each trait, prediction accuracies are shown for six 
models and three predictor sets (VI, 3D, and VI + 3D) across the evaluated days after sowing. 

 



Variable Unit Definition Biological meaning 

Grain yield g Total grain mass per 
experimental unit. 

Final grain 
production. 

Straw biomass g  Total above-ground straw mass 
per experimental unit after 
harvest. 

Above-ground non-
grain biomass. 

Grain number count Total number of grains per 
experimental unit. 

Yield component 
related to sink size. 

Pod number count Total number of pods per 
experimental unit. 

Yield component 
reflecting 
reproductive 
success. 

Mean internode 
length 

cm Arithmetic mean of internode 
lengths measured per 
experimental unit at day of 
harvest. 

Describes stem 
elongation and 
canopy architecture. 

Water use 
efficiency 

g g-1 Calculated as grain yield 
divided by cumulative water 
uptake. 

Grain production per 
unit of water 
consumed. 

Cumulative water 
uptake 

g Total amount of water used by 
the experimental unit. 

Plant water 
consumption over 
time. 

Number of 
productive tillers 

count Number of tillers bearing 
harvestable reproductive 
structures. 

Describes effective 
tillering contributing 
to yield. 

Thousand kernel 
weight 

g Grain weight expressed as the 
mass of 1000 kernels. 

Reflects average 
grain size and grain 
filling. 

Green Leaf Index dimensionless GLI = (2G - R - B) / (2G + R + B) 
where R, G, and B denote red, 
green, and blue reflectance or 
digital intensity values. 

Emphasizes relative 
canopy greenness. 

Normalized 
Difference 
Vegetation Index 

dimensionless NDVI = (NIR - R) / (NIR + R), 
where NIR is near-infrared 
reflectance and R is red 
reflectance. 

Proxy for canopy 
vigor and 
photosynthetically 
active vegetation. 

Normalized 
Pigment 
Chlorophyll Index 

dimensionless NPCI = (R - B) / (R + B). Sensitive to pigment 
composition and 
often interpreted in 
relation to 
chlorophyll status. 

Plant Senescence 
Reflectance Index 

dimensionless PSRI = (R - B) / NIR. Indicates canopy 
senescence and 
changes in pigment 
composition. 

Hue software-
derived, color 
trait 

Color descriptor derived from 
RGB information after 

Describes the 
dominant canopy 
color tone. 



transformation into a color 
space. 

Lightness software-
derived, color 
trait 

Brightness descriptor derived 
from transformed RGB 
information. 

Reflects the overall 
brightness of the 
canopy surface. 

Saturation software-
derived, color 
trait 

Color intensity descriptor 
derived from transformed RGB 
information. 

Describes how vivid 
or dull the canopy 
color appears. 

Averaged plant 
height 

cm Mean canopy height derived 
from the 3D point cloud. 

Represents average 
vertical development 
of the canopy. 

Maximum plant 
height 

cm Maximum canopy height 
detected in the 3D 
reconstruction. 

Captures the tallest 
plant structures 
within the canopy. 

Digital biomass software-
derived, 
structural trait 

Proxy for canopy biomass 
estimated from 3D structural 
information. 

Describes total 
structural canopy 
mass in a non-
destructive digital 
way. 

Projected leaf 
area 

cm2 Two-dimensional projected 
area of the canopy as seen from 
the sensor perspective. 

Represents canopy 
cover and horizontal 
leaf display. 

3D leaf area cm2 Surface area estimate derived 
from the 3D canopy 
reconstruction. 

Reflects total leaf 
surface represented 
in the point cloud. 

Voxel volume software-
derived, cm3  

Canopy volume estimated by 
dividing 3D space into voxels 
and summing occupied voxels. 

Describes volumetric 
canopy size. 

Canopy light 
penetration depth 

cm Depth to which light penetrates 
into the canopy structure, 
derived from the 3D 
reconstruction. 

Indicates canopy 
openness and the 
internal light 
environment. 

Surface angle degree Mean orientation angle of 
canopy surfaces derived from 
the 3D reconstruction. 

Describes canopy 
surface inclination 
and architectural 
arrangement. 

Convex hull area 
coverage 

software-
derived, 
dimensionless 

Fraction of the convex hull area 
occupied by the reconstructed 
canopy. 

Describes how 
densely the canopy 
fills its outer 
boundary. 

Convex hull area cm2 Area enclosed by the convex 
hull around the canopy 
structure or projection. 

Represents the outer 
spatial extent of the 
canopy. 

Convex hull 
circumference 

cm2 Perimeter of the convex hull 
enclosing the canopy. 

Describes canopy 
boundary length and 
horizontal spread. 

Convex hull 
maximum width 

cm2 Maximum horizontal width of 
the convex hull. 

Captures the widest 
canopy extension. 



Convex hull 
aspect ratio 

software-
derived, 
dimensionless 

Ratio between major and minor 
hull dimensions. 

Describes canopy 
shape, especially 
elongation versus 
compactness. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Table S1 Definition, units, and biological interpretation of response traits and 
canopy-derived predictor variables used in the prediction analyses. The table summarizes all 
target traits and sensor-derived predictor variables, including their units, mathematical 
definitions where applicable, and their biological or structural relevance for characterizing plant 
performance, canopy color, and three-dimensional canopy architecture. 



 

 

Table S2. Final prediction setup and performance metrics for each trait. For each trait, the table reports the selected time mode (Time mode), predictor set (Scenario), peak 

predictive ability at the aggregated level (peak r) and the corresponding day after sowing (peak DAS agg), followed by the peak predictive ability of the best individual model (peak 

model r), the selected day after sowing for that model (DAS), and the final selected prediction model (Model). Final predictive performance is further summarized by the 
correlation between observed and predicted values (cor obs pred), root mean squared error (rmse), mean absolute error (mae), prediction bias (bias), regression intercept 

(intercept pred on obs) and slope (slope pred on obs) of predicted on observed values, as well as the mean and median standard deviation of genotype wise predictions across 
seeds (mean pred sd, median pred sd). 

Trait Time mode Scenario peak_r peak DAS agg peak model r DAS Model cor obs pred rmse mae bias intercept pred on obs slope pred on obs mean pred sd median pred sd

Cumulative water uptake Cumulative VI_3D 0.8 97 0.81 94 VIBLUP 0.79 8444.68 6814.1 187.24 41340.94 0.64 2041.12 1967.14

Grain number Cumulative D3 0.7 108 0.72 63 VIBLUP 0.69 44.83 35.36 0.06 208.65 0.46 7.44 7.07

Mean internode length Single-day VI_3D 0.67 82 0.71 81 BL 0.66 0.28 0.24 0 2.38 0.4 0.04 0.04

Pod number Cumulative D3 0.55 63 0.59 63 RKHS 0.54 17.68 13.74 0.05 91.47 0.25 2.66 2.48

Productive tillers Single-day VI_3D 0.38 109 0.43 108 SVM 0.43 1.9 1.47 0.08 2 0.23 0.51 0.47

Thousand kernel weight Single-day VI_3D 0.43 91 0.51 87 RKHS 0.49 65.89 49.75 -0.22 402.9 0.22 10.29 9.99

Total grain yield Cumulative VI_3D 0.75 93 0.8 93 VIBLUP 0.77 18.51 14.16 0.66 79.26 0.6 4.25 4.1

Total straw biomass Cumulative VI_3D 0.66 104 0.71 105 BL 0.65 9.86 7.53 -0.05 56.85 0.41 1.67 1.62

WUE Single-day D3 0.44 67 0.56 58 BL 0.51 0.11 0.09 0 1.27 0.25 0.01 0.01


