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 “Per quanto misurassimo il misurabile, nessuna macchina sarebbe in grado di 

stabilire regole perfette per tutto ciò che la natura crea”. 
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Abstract 

In crop science, phenotyping refers to the characterization of the plant traits 

controlled by genetic and environmental factors. Systematic quantification of plant 

phenotypes is the pillar of any breeding program as a main driver for genetic gain in 

adaptive and productive crop potential. Conventionally, measuring phenotype is a 

labour-intensive, time-consuming and error-prone task. Although crop breeding has 

benefited from rapid advances in next-generation genomics, the accurate and high-

throughput phenotyping of complex traits remains a critical bottleneck. Image-

sensing and data mining may represent useful approaches to be integrated in new 

affordable phenotyping platforms for an ad-hoc quantification of the main plant 

traits. Accordingly, the aim of this thesis is to implement a novel low-cost and 

automatic platform for the comprehensive analysis of complex phenotypes modelled 

in three-dimension (3D), which are closely linked to the plant physiological 

performance under a limiting environment. 

The new phenotyping platform is presented in Chapter 3 where the hardware 

core, consisting of sensing modules and rotating plates, and the plant 3D-modeling 

workflow are described. The platform was tested to reproduce the main phenotypic 

traits of potted plant species with distinct canopy architectures (e.g., maize, tomato 

and olive tree), which were modelled in 3D from digital images acquired at a 

different frequency (steps of 4°, 8° and 12°) and quality (4.88, 6.52 and 9.77 

µm/pixel). The results indicated that best performances in reconstruction process 

were associated with unviable requirements in terms of input (90 images at 4.88 

µm/pixel resolution) and time (from 2.46 h to 28.25 h for herbaceous plants and olive 

trees, respectively). To improve the throughput of encoding plant 3D-models into 

holistic and component descriptors, a proper balance between the number of images 

and their resolution was identified (30 images at 4.88 µm/pixel). These findings 

proved the effectiveness of the proposed pipeline in plant phenotyping, also 

revealing how specific input combinations must be chosen depending on the 

complexity of the target shape to be analyzed. 

As detailed in Chapter 4, the platform was integrated with a novel algorithm for 

the automatic, organ-level segmentation and high-throughput phenotyping of plant 

3D-models. The algorithm showed satisfactory performances when initially tested 

for extracting the main phenotypic components of four potted tomato cultivars. 

Specifically, 95.74% of the plant limbs (i.e., stem, petioles and leaves) were correctly 

segmented and the relevant morphometric traits accurately measured (error ≤ 10%).  

Based on these results, the phenotyping pipeline was subsequently applied for 

monitoring dynamic morpho-physiological responses of the same plants to different 
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water deficit treatments (full-irrigation, 50% deficit irrigation and no-irrigation) at 

early developmental stages. To this end, the Fraction of Transpirable Soil Water 

(FTSW) was derived by automatically weighing each pot on the platform and 

combined with growth phenotypic data to effectively detect the onset of water stress. 

Notably, daily plant growth rate resulted in the most responsive phenotypic trait to 

early water stress, highlighting how slow-growth of the tomato canopy can be an 

adaptive mechanism to better compensate for the scarcity of soil moisture. Thus, this 

study confirmed that the proposed phenotyping pipeline could be exploited as a 

selection tool for quickly breeding more drought tolerant crop cultivars. 

Finally, the proposed phenotyping platform was validated against two existing 

phenomics facilities, namely the LemnaTec® Scanalyzer and the HP® David SLS-3 

stations, by comparing the performance in quantifying plant growth traits as proxies 

of above-ground fresh/dry biomass accumulation (Chapter 5). First, the accuracy of 

each sensing platform was successfully tested in capturing the major morphometric 

components of scanned maize and tomato potted plants, which then were used as 

dynamic predictors for biomass. Results highlighted how the combination of the 

canopy’s concave shape with the age of the plant significantly improved the accuracy 

of biomass estimation for all the species and growth stages considered in the study. 

The comprehensive comparison between the different methodologies allowed to 

provide insights for the optimal selection of species-specific phenotyping strategies 

aimed at quantifying complex traits in a non-destructive, accurate and high-

throughput manner. In this context, our platform guaranteed the greatest accuracies 

in predicting the biomass accumulation of more compact canopies with increased 

organ overlaps and self-occlusions (e.g., tomato), as a precise and efficient plant 3D-

modeling was required to accurately recover the surface occupied by the innermost 

vegetative structures. This demonstrated how the platform implemented in the PhD 

thesis can effectively replace conventional methods of collecting phenotypic data, 

also improving the performance of existing technologies of greater complexity in 

predicting biomass trajectories on a daily scale. 
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Riassunto 

Per fenotipizzazione vegetale si intende il processo attraverso il quale è possibile 

caratterizzare il complesso dei tratti morfologici e funzionali di una pianta (fenotipo), 

frutto dell'influenza reciproca tra i geni (genotipo) e l'ambiente in cui essa si 

accresce. La quantificazione sistematica della variabilità fenotipica degli organismi 

è dunque fondamentale per incrementare il potenziale produttivo delle colture, 

attraverso la selezione di genotipi più resilienti a specifiche condizioni di crescita. 

Tuttavia, lo studio del fenotipo si basa, convenzionalmente, su rilievi manuali che 

risultano essere imprecisi ed altamente dispendiosi in termini di lavoro e tempo, 

oltreché incompatibili con i più moderni programmi di miglioramento genetico ad 

elevato rendimento. Per questo motivo, lo sviluppo di piattaforme di 

fenotipizzazione a basso costo, che integrino sistemi automatici di acquisizione ed 

elaborazione di immagini, è di primaria importanza per la quantificazione efficiente 

e non distruttiva dei principali caratteri fenotipici di interesse selettivo ed 

agronomico. In quest’ottica, l’obiettivo della presente tesi è quello di implementare 

una nuova piattaforma, automatica ed economica, in grado di analizzare le principali 

caratteristiche morfologiche e fisiologiche di piante sottoposte a condizioni di 

crescita limitanti, a partire dalla loro ricostruzione tridimensionale (3D) basata su 

immagini.    

La struttura di tale piattaforma è presentata nel Capitolo 3, nel quale viene anche 

descritta la metodologia utilizzata per la modellazione 3D. A tal proposito, si sono 

acquisite immagini digitali a diversa frequenza (un’immagine ogni 4, 8 e 12 gradi) e 

qualità (4.88, 6.52 e 9.77 µm/pixel) di piante in vaso caratterizzate da architetture 

della chioma contrastanti (mais, pomodoro ed olivo) che sono state poi elaborate per 

testare l’efficacia della piattaforma nella loro ricostruzione in 3D. I risultati hanno 

indicato come la maggiore accuratezza di modellazione fosse associata ad eccessivi 

requisiti in termini di input (90 immagini con una risoluzione di 4,88 µm/pixel) e 

tempo (da 2.46 a 28.25 ore necessarie per la ricostruzione, rispettivamente, di piante 

erbacee e legnose). Di conseguenza, si è provveduto ad individuare la combinazione 

ottimale dei fattori (numero e risoluzione delle immagini) che consentisse di 

incrementare l’efficienza del processo di ricostruzione senza comprometterne 

l’accuratezza (30 immagini a 4,88 µm/pixel). Lo studio ha, dunque, dimostrato 

l'efficacia della piattaforma nella fenotipizzazione vegetale ad alto rendimento, 

rivelando altresì la necessità di adottare specifiche combinazioni di input per 

efficientare la modellazione di strutture vegetali a diversa complessità geometrica. 

Al fine di incrementare ulteriormente il rendimento della piattaforma, è stato 

sviluppato un innovativo algoritmo per la segmentazione automatica dei modelli 3D 
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a livello del singolo organo e per la successiva estrazione dei principali parametri 

morfometrici (Capitolo 4). Dapprima, l'algoritmo è stato testato nella 

fenotipizzazione di quattro cultivar di pomodoro, risultando in un’accurata 

segmentazione di steli, piccioli e foglie (95.74%) ed in una altrettanto accurata 

misurazione delle relative geometrie (errore ≤ 10%). Sulla base di queste evidenze, 

è stato poi possibile applicare l’intero processo di fenotipizzazione nel monitoraggio 

delle dinamiche morfo-fisiologiche delle stesse piante in risposta a diversi 

trattamenti irrigui (irrigazione ottimale, deficitaria del 50% e nulla). Al fine di 

rilevare l’insorgenza dello stress già dalle prime fasi di crescita, la frazione di acqua 

traspirabile presente nel suolo (FTSW), derivata pesando automaticamente ciascun 

vaso sulla piattaforma, è stata combinata con i dati fenotipici estratti dai modelli. Il 

tasso di crescita giornaliero delle piante è risultato il tratto maggiormente sensibile a 

decrementi nella disponibilità idrica, evidenziando come un più lento accrescimento 

della chioma possa essere considerato un meccanismo di adattamento allo stress nel 

pomodoro. Pertanto, questo studio ha confermato come la presente piattaforma possa 

essere impiegata anche nella selezione rapida ed efficace di cultivar più resilienti alla 

siccità.  

Infine, l’affidabilità della piattaforma nella quantificazione di tratti fenotipici, 

utili alla stima dell’accumulo di biomassa fresca e secca, è stata testata in relazione 

alle prestazioni di altri due sistemi di fenotipizzazione già esistenti, vale a dire le 

stazioni LemnaTec® Scanalyzer e HP® David SLS-3 (Capitolo 5). Innanzitutto, si è 

dimostrata l'accuratezza di ciascuna piattaforma nella scansione dei principali 

caratteri morfometrici di piante in vaso di mais e pomodoro, che sono stati poi 

utilizzati come variabili di modelli predittivi della biomassa. I risultati hanno 

evidenziato come l’estrazione dell’area occupata dalla chioma, in combinazione con 

l'età della pianta, garantisca la maggior accuratezza estimativa per tutte le fasi di 

crescita considerate, permettendo di individuare la strategia più adeguata alla 

fenotipizzazione non distruttiva, puntuale e ad alto rendimento di ogni singola 

specie. In tal senso, la piattaforma qui proposta si è rivelata la più performante nella 

previsione dell'accumulo di biomassa in chiome compatte e con un maggior numero 

di organi occlusi e sovrapposti (come nel caso del pomodoro), dal momento in cui si 

è resa necessaria un’efficiente modellazione 3D della pianta per il recupero della 

superficie occupata dalle strutture vegetali più interne. Ciò ha dimostrato come la 

piattaforma, implementata nella tesi di dottorato, possa sostituire i metodi 

convenzionalmente utilizzati per lo studio del fenotipo vegetale, addirittura 

migliorando le prestazioni di tecnologie già esistenti e a maggior grado di 

complessità nella previsione della dinamica giornaliera dell’accumulo di biomassa. 
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Chapter 1. shows a general background on plant phenotyping, 

considering the evolution of novel technologies and                               

methodologies for the effective quantification of                                               

phenotypic traits with exploitation potential                                                      

in the contest of breeding and precision                                                                                      

crop management.  
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1.1. Plant phenotyping: an overview 

In crop science, the plant phenotype (from Greek φαινο-, “showing”, and τύπος, 

“type”) is defined as the set of observable characteristics (Yang et al., 2020) resulting 

from both genetic and environmental influences from the very early stages of growth 

(Visscher et al., 2008). The collective effect of polygenes controls the genetic 

variation in regions of DNA known as quantitative trait loci (QTLs), underlying 

dynamic phenotypic expressions throughout a plant's life cycle (Rajpal et al., 2016). 

Genotypes differ in their ability to alter phenotype in response to exogenous signals, 

which contribute to plant phenotypic plasticity (Nicotra et al., 2010; Schlichting and 

Smith, 2002; Sommer, 2020). The modulation of the quantitative phenotypic traits 

might thus cause by ontogenetic changes in plant growth–defence strategies under 

environmental challenges and phenological stage-specific pressures (Ochoa-López 

et al., 2020; Smith et al., 2011; Wright and Mcconnaughay, 2002). Accordingly, 

detecting the association between phenotypic and genotypic markers is crucial to 

identify the major QTLs governing important agronomic traits in different 

environmental conditions (Mikic et al., 2016). 

In this scenario, modern DNA sequencing techniques (i.e., genotyping) provide 

continuous advances in functional genomics by accessing high-density genetic 

markers for QTLs mapping and genome-wide association studies (Mir et al., 2019; 

Yang et al., 2020). However, dissecting complex agronomic traits through the 

quantitative description of the plant’s morphological, ontogenetic and physiological 

properties (i.e., phenotyping; Walter et al. 2015) is imperative to accelerate 

genomics-assisted crop improvement programs (Araus et al., 2018a). Specifically, 

plant phenotyping is recognized as a key complement of genomics in molecular 

breeding (Desta and Ortiz, 2014; Lobos et al., 2017) aimed to accurately establish 

the genotype-to-phenotype pathway for the effective development of new cultivars 

with adaptive and productive characteristics to different environmental conditions 

(Fernie and Gutierrez-Marcos, 2019). This has made plant phenotyping a pivotal 

research area in recent decades (Costa et al., 2019a) that continues to have a 

significant impact on the upscaling of genotypes’ selection from novel agronomic 

traits (Fiorani and Schurr, 2013).    

In this perspective, the measurement and monitoring of phenotypic traits such as 

plant and organs topology, dimensions and angles (Yol et al., 2015) enable proxy 

quantifications of biochemical processes that are responsible for plant development 

and performance (Moreira et al., 2020; Rahaman et al., 2015), thereby allowing their 

genetic analysis as a function of surroundings (Tardieu et al., 2017). Indeed, 
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understanding the physiological relevance of these morphometric components 

provides a unique opportunity to rapidly explore more complex traits involved in 

plant dynamic adaptation to fluctuating environment, including biomass 

accumulation, gas exchange activity and responses to exogenous stressors (Kim et 

al., 2021; Marko et al., 2018; Tracy et al., 2020). For instance, the molecular 

mechanisms of biomass accumulation have been characterized in triticale by 

dynamic phenotyping of plants’ volumetric shapes  (Busemeyer et al., 2013), while 

the assessment of multiple morpho-physiological traits contributed to dissecting the 

genetic determinants of maize growth performance underlying adaptation to abiotic 

stresses (Dodig et al., 2019). Leaf traits phenotyping has been thus used to assess the 

water status of both herbaceous (Duan et al., 2018) and tree crops (Briglia et al., 

2020), forming the basis for appropriate breeding choices aimed at crop performance 

improvement under unfavourable scenarios (Langstroff et al., 2021). 

1.2. Advances in phenotyping platforms 

Conventionally, phenotypic data on such quantitative traits are collected with 

manual and/or destructive samplings, which are prone to human biases and lack 

robustness or repeatability (Atefi et al., 2021). Likewise, the labour-intensive and 

time-consuming nature of visual scoring constrains any breeding program to an 

inadequate number of phenotypes (Makanza et al., 2018). In order to relieve this so-

called “phenotyping bottleneck” (Furbank and Tester, 2011), recent technological 

advances have led to flourishing of numerous phenomics tools and techniques 

capable of accelerating genetic gains through non-invasive, accurate and effective 

measurements of quantitative traits related to plant’s architecture (Gaggion et al., 

2021; Liu et al., 2021a), growth (Lyra et al., 2020), biomass (Wan et al., 2021), 

photosynthesis (Bai et al., 2019) and stress tolerance mechanisms (Padilla-Chacón 

et al., 2019). 

To date, three types of commercial platforms have been developed for crop 

phenotyping at different scales and in different environments, including satellite-, 

unmanned aerial vehicle (UAV)- and ground-based platforms (Tariq et al., 2020). 

Aerial platforms have the capacity of remotely characterizing the vegetation features 

over large extents in a short period of time, resulting particularly attractive for the 

continuous monitoring of the plant growth status in the field (Tattaris et al., 2016; 

Xue and Su, 2017). Nevertheless, the performances of such platforms are heavily 

sensitive to the type of crop (e.g., plant size and canopy structure), environmental 

factors (e.g., topography and weather conditions), technical requirements and 

airspace regulations (Araus et al., 2018a; Guo et al., 2021; Yang et al., 2020), which 
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could prevent the collection of high quality data scalable to breeding trials (Chawade 

et al., 2019; Kim, 2020). 

Alternatively, ground-based tools designed for both the field and indoor 

environments can enable a more in-depth quantification of specific traits with 

adequate spatial and temporal resolution to increase the accuracy and intensity of 

plant selection (Pieruschka and Schurr, 2019). Platforms for proximal infield 

phenotyping include manually operated or motorized carts (Bai et al., 2016; 

Thompson et al., 2018), track-mounted vehicles (Barker et al., 2016; Barmeier and 

Schmidhalter, 2017; French et al., 2016) and mobile robots (Jiang et al., 2018b; Qiu 

et al., 2019; Virlet et al., 2017), which, moving along the crop interrow, may increase 

the probability of plant damages and soil compactness (Kirchgessner et al., 2017). 

Furthermore, given the complex interactions between environment and QTLs 

controlling traits’ expression, the evaluation and interpretation of phenotypic data 

collected under fluctuating pedo-climatic and lighting conditions in the field is often 

complicated (Cendrero-Mateo et al., 2017; Song et al., 2021; Tardieu et al., 2017).  

A more accurate assessment of plant biological functioning in response to specific 

growth factors is possible by collecting phenotypic data in growth chamber- and 

greenhouse-based facilities where environmental conditions are controlled 

(Langstroff et al., 2021; Ma et al., 2019a).  

In this context, a variety of platforms for indoor phenotyping have been recently 

commercialized (Campbell et al., 2018). The main components of such systems 

include sensor-equipped robots which move around a target-plant placed in a fixed 

position (Ate et al., 2019; Bao et al., 2019; Wu et al., 2019a) or other systems of 

automated handling for plants (“plant-to-sensor”) and sensors (“sensor-to-plant”) 

with increased phenotyping throughput (Li et al., 2021). Examples of platforms 

operating in “plant-to-sensor” concept are the PlantScreen® Conveyor System 

(Photon System Instrument®, Drásov, Czech Republic) and Lemantec® Scanalyzer 

(LemnaTec GmbH®, Wuerselen, Germany), which incorporate transportation 

systems and multiple sensing modules to improve the efficiency and accuracy of 

multiple-plant screening (Abdelhakim et al., 2021; Awlia et al., 2016; Chen et al., 

2018; Dar et al., 2021; Nguyen et al., 2019, 2018; Paul et al., 2019; Sorrentino et al., 

2020). With the aim of reducing the damage caused by the automated transport of 

the plants on such conveyed systems (Du et al., 2021), a range of companies have 

also developed various platforms for the efficient data acquisition from sensors that 

typically move over fixed-location phenotypes. Commercial “sensor-to-plant” 

facilities, such as the PlantScreen® Robotic XYZ System (Photon System 

Instrument®, Drásov, Czech Republic) and MiniPlots® (Forschungszentrum Jülich, 

Jülich, Germany and Otte Metallbau GmbH & Co. Kg®, Harkebrügge, Germany) 
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have increased potential for phenotyping large plant populations (Adhikari et al., 

2019; De Diego et al., 2017; Keller et al., 2019; Thomas et al., 2018), but the high 

cost and installation requirements in existing growth chambers or greenhouses make 

these facilities out of reach for most research and breeding programs (Du et al., 2021; 

Zhou et al., 2018a). Therefore, affordable and flexible solutions became of critical 

importance for indoor plant phenotyping (Roitsch et al., 2019).  

The diversity of crop species has led to the development of several low-cost and 

automated platforms equipped with a range of sensors (Li et al., 2014), making users 

quite confused in selecting the proper technique based on their specific research 

questions. Enablers of the proximal plant phenotyping include laser scanners 

(Garrido et al., 2015; Thapa et al., 2018), depth sensors (Sun and Wang, 2019; Yang 

and Cho, 2021) and red–green–blue (RGB) cameras (Nguyen et al., 2017; Wu et al., 

2020).  

Laser scanners are active sensing technologies that measure the sensor-to-subject 

distance according to the round-trip time of an artificial light signal emitted by short-

wavelength sensors (i.e., visible, ultraviolet, or near-infrared light) for generating 

reflective information (e.g., target’s size and shape). As own light-source emitters, 

laser scanners are independent of varying irradiation conditions and allow both day 

and night measurements. When integrated into flexible indoor platforms, laser 

devices can be adopted for high-throughput phenotyping by revealing plant structure 

from multiple scanning positions with satisfying accuracy, robustness and resolution 

(Zhou et al., 2021). The Light Detection And Ranging (LiDAR; Jin et al., 2021), as 

a representative for scanning systems, can be combined with robotic arms to 

manually direct the laser beam onto the target-plant by providing accurate 

phenotypic information albeit in an inefficient manner (Paulus et al., 2014b). On the 

other hand, autonomous commercial platforms, such as the PlantEye® (PhenoSpex®, 

Heerlen, Netherlands), can acquire plant data more quickly, but their extremely high-

cost and bulk make them inaccessible to most researchers and breeders. To overcome 

this issue, affordable LiDAR-based solutions have been developed for indoor plant 

scanning (Panjvani et al., 2019; Wang et al., 2017). However, many technical factors 

such as the un-smooth ground, mobile-platform speed, scanning-time and absence 

of colour in data negatively affected both the accuracy and efficiency of 

measurements, still requiring adjustments (e.g., carrying multiple-sensors, need for 

recalibration and warm-up time) unsuitable for a cost-effective and rapid 

phenotyping.  

Compared to laser scanners, structured light-based depth-sensors have the main 

advantages of simplicity and low-cost. A Structured Light (SL) system basically 

consists of a digital video projector and RGB and/or near-infrared (NIR) camera(s). 
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A series of encoded straight light stripes are emitted by the projector in the visible 

or NIR spectrum on the scene, while the camera(s) automatically images the patterns 

deformed from the target surface thus providing depth and colour information at the 

same time (Li et al., 2017). This results in rapid scan sessions which, together with 

the low-cost of the system, make SL techniques attractive for indoor plant 

phenotyping. Budget facilities using SL-based depth-sensors, including the Kinect’s 

RGB-NIR cameras- and the RGB camera(s)-projector pair (Paulus et al., 2014a), 

have provided contrasting results on crop species of varying complexity (Hu et al., 

2018; Nguyen et al., 2015). Indeed, the spatial resolution of most SL-based platforms 

is relatively poor and requires very close proximity between the sensor(s) and the 

scanned plant for greater precision. Furthermore, images can be acquired only at 

night or in closed imaging boxes/chambers as the scanning accuracy is stickily 

dependent of ambient light conditions. Some studies (Ferraz et al., 2018; Martinez-

Guanter et al., 2019) showed that systems based on the Microsoft Kinect® (Microsoft 

Corporation®, Redmond, WA, USA) sensors result in a lower throughput compared 

to simple RGB cameras due to their limits in reproducing complex plant architecture 

across multi-temporal trials (An et al., 2017). Notably, a SL system must be 

calibrated before performing the measurements each time the viewing angle of the 

camera(s)-projector pair is adjusted, resulting in increased time-requirements. 

Considering the abovementioned shortcomings, RGB cameras are a key 

component for many phenotyping applications due to their cost-effectiveness and 

flexibility as well as the reproduction of high-quality information (Araus and 

Kefauver, 2018; Jin et al., 2020). Specifically, digital cameras available on the 

market are extremely less expensive than laser- or SL-based active sensors and can 

be easily adopted by non-expert users to quickly acquire relevant information on 

both the shape and colour of the whole-target plant. For this purpose, the newly 

developed phenotyping platforms incorporate multiple cameras or rotating devices 

to automatically scan the same subject from a single or multiple perspectives (Li et 

al., 2021). However, the full hardware setup of such systems can be expensive and 

bulky as a clear background and uniform artificial lighting are required for proper 

plant scanning and subsequent image analysis.   

1.3. Plant three-dimensional reconstruction  

Recently, RGB imaging approaches have yielded promising results on the 

computation of holistic (i.e., whole-plant scale) and component (i.e., single-organ 

scale) phenotypes from two-dimensional (2D) images (Kim and Chung, 2021; 

Minervini et al., 2017; Pound et al., 2017; Scharr et al., 2016). However, capturing 
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the plant shape in a single-view image limited the analytical potential of both studies 

to simple traits of non-complex architectures. In this optic, advances in computer 

vision techniques enable more in-depth plant phenotyping through the automatic 

fusion of 2D image sequences for multi-dimensional traits extraction. Indeed, plant 

pixels scanned from multi-views can be projected onto 2D plane to measure more 

complex features, including projected shoot area (Atieno et al., 2017; Knecht et al., 

2016), convex hull (Dissanayake et al., 2020; Padilla-Chacón et al., 2019) and digital 

biovolume (Danzi et al., 2019; Petrozza et al., 2014), which are proxies of further 

quantitative traits related to growth status and production (Pratap et al., 2019). 

Nonetheless, accurately retrieving three-dimensional (3D) phenotypes as 2D cross-

section images is challenging, especially in growing canopies due to increasing 

organ overlaps and self-occlusions (Das Choudhury et al., 2019).  

Accordingly, novel imaging approaches based on accurate 3D-reconstruction of 

the target plant represent a benchmark for holistic and component phenotyping 

(Gibbs et al., 2017; Zhou et al., 2021). As reported by Vázquez-Arellano et al., 

(2016), triangulation is the most widely used technique to compute plant 3D-models 

from RGB-image sequences captured by autonomous phenotyping platforms. In the 

digital photogrammetry domain, triangulation is divided into a variety of 3D-

modeling approaches based on the processing of visual signals for depth perception, 

most notably the silhouette, stereopsis and motion.  

Shape-from-Silhouette (SfS) is the most common method for converting 

silhouette contours of a foreground object into a 3D array of cells (i.e., visual hull; 

Cheung et al., 2005). Basically, the intersection of visual cones formed by the 

silhouettes and the camera(s) view-points can be used to compute the 3D-shape of 

the target, which is represented by the set of points occupying the voxel space. SfS-

based algorithms have proven to be easily implemented for the fast and accurate 3D-

modeling of several plant species at early growth stages, including vegetables 

(Golbach et al., 2016), cereals (Kumar et al., 2014) and fruit trees (Scharr et al., 

2017). However, the recognized uncertainty of SfS in reconstructing more developed 

canopies with  self-occluded and complex organs still represents the major issue for 

its widespread application in high-throughput phenotyping tasks (Paturkar et al., 

2021). 

Stereovision and Multi-View Stereo (MVS) are alternative stereoscopic methods 

for acquiring 3D data from stereopairs or via identification of matches in multiple 

images, respectively (Remondino et al., 2014). For the stereovision 3D-

reconstruction, plant is photographed from a single viewing location and the 

disparity between two images captured from slightly different positions is computed. 

Although this methodology was used to derive the 3D canopy of multiple species, 
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such as sugar beet (Müller-linow et al., 2015) and cotton (Lati et al., 2013a), image-

matching problems, surface homogeneity and object occlusions negatively affect its 

performance (Remondino and El-Hakim, 2006). In particular, stereo matching and 

depth accuracy vary with the type of algorithm used (Kazmi et al., 2014). Local (or 

window-based) methods are more efficient but less accurate than global ones which 

could be, instead, more computationally expensive. Moreover, the stereovision 

output may lack depth information when close-range observations of untextured 

plant surfaces are performed (Zhang et al., 2016). Finally, single-perspective 

imaging setup suffers from self-occlusions of plant tissues, which hinder to capture 

the complete structure of the canopy (Paturkar et al., 2021). In this optic, the adoption 

of multi-view solutions, such as the MVS, can effectively compensate for the 

drawbacks in plant 3D-reconstruction involving stereovision approaches. Although 

sharing the same basic principles, MVS algorithms increase the robustness of other 

stereoscopic methods (e.g., stereovision) by combining very large set of images 

captured from varying viewpoints into high-detailed 3D-models (Furukawa and 

Hernández, 2015). However, specific camera(s) parameters associated with every 

image are required as an additional input to the MVS pipeline. Accordingly, other 

approaches able to accurately compute and refine both the camera(s) poses and the 

plant 3D-structure are necessary.  

In this context, the integration of Structure for Motion (SfM) photogrammetry 

with MVS allows to easily and economically obtain a complete plant 3D-model from 

a suite of automatically superimposed multi-view images in real-world space (Wang 

et al., 2020). In essence, SfM uses the Scale-Invariant Feature Transform (SIFT) to 

automatically and simultaneously estimate the intrinsic (e.g., distortion, pixel size 

and focal length) and extrinsic (position and orientation) parameters of the camera(s) 

and the 3D-geometry of the scene by identifying common feature points across the 

photoset (Micheletti et al., 2015). The output of the SfM process is a sparse 3D point 

cloud derived from feature matching. Subsequently, MVS algorithms may be applied 

to intensify the density of the 3D-model so as to generate a very high-resolution 

dataset, known as dense point cloud (DPC; Seitz et al., 2006).  

The SfM-MVS method has been demonstrated to be highly precise in 

reconstructing a number of crop species scanned indoor on different low-cost 

platforms, including maize (Wu et al., 2020), soybean (Zhou et al., 2018a), 

strawberry (He et al., 2017) and chickpea (Salter et al., 2020). However, the straight 

dependency between the accuracy of the reconstructed plant model and input 

requirements (i.e., number of images at proper spatial resolution) often pose high 

computational challenges for SfM-MVS (Lou et al., 2014; Yang and Han, 2020). In 

the study of  Duan et al. (2016), for instance, up to 40 min was required for 
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combining 50-70 images at 16 megapixels in a faithful plant 3D-model. Similarly, 

Hui et al. (2018) pointed out that at least 60 images for short plants and 80 images 

for tall plants with a resolution of 15.30 megapixels were needed to reconstruct at 

least 95% of cucumber, pepper and eggplant canopies, evidencing the limitations 

derived by the input requirements needed for the plant model reconstruction which 

restrict the throughput to some phenotyping applications.  

1.4. Automation of high-throughput data extraction 

The increasing complexity of the plant’s architecture over the growth cycle also 

brings challenges in effectively extracting desirable traits from its 3D-model, for 

which an accurate segmentation of individual organs is required (Elnashef et al., 

2019; Harmening and Paffenholz, 2021). Here, the segmentation process focuses on 

clustering points of the 3D-model into homogeneous regions corresponding to the 

different plant limbs (e.g., stem, branches, petioles and leaves). Traditionally, the 

meaningful components of the modelled plant are manually partitioned through 

labour-intensive and time-consuming digitizing (Ando et al., 2021; Kim et al., 

2020a). Therefore, robust segmentation algorithms that can be exploited to 

automatically distinguish individual organs regardless of plant growth stage and 

canopy complexity are essential for high-throughput 3D phenotyping (Paturkar et 

al., 2020).  

Several recent studies have focused on automatic organ segmentation and 

phenotypic traits extraction from 3D-models of a wide range of plant species, such 

as wheat (Ghahremani et al., 2021b), maize (Miao et al., 2021a), sorghum (Xiang et 

al., 2019), cucumber (Boogaard et al., 2021) and ornamentals (Li et al., 2020b). To 

this end, frequently used imaging methods include edge-based (Wang et al., 2018), 

hierarchical cluster (Henke et al., 2021), model fitting (Cerutti et al., 2013), machine 

learning (Lee et al., 2018) and skeletonization (Miao et al., 2021b) algorithms. 

Among these techniques, computing a minimal representation of the modelled plant 

(i.e., skeleton; Tagliasacchi et al., 2016) which encodes its basic geometry and 

topology is particularly attractive for high-throughput phenotyping (Gaillard et al., 

2020a; Magistri et al., 2020). Indeed, automated skeleton generation allows 

dissecting structural clues of the whole plant by following the ideal centreline of 

individual organs (e.g., stem, branches, petioles and leaves). Consequently, 

skeletonization requires less computational efforts for the estimation of highly-

detailed phenotypic traits (e.g., single organ height, inclination, area and volume)  

from a simplified version of the plant than other segmentation approaches managing 

the entire original model (Chaudhury and Godin, 2020). Moreover, skeleton-based 
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algorithms are advantageous for tracking plant morphological changes from a 

topological perspective, providing baselines for the association between phenotypic 

measurements taken at different times (Bucksch et al., 2017). In this context, Wu et 

al. (2019b) accurately derived multiple traits (i.e., plant and single-leaf topology, 

dimensions and angles) using the extracted skeleton from maize 3D-models of 

different growth stages, while Chebrolu et al. (2021) and Schunck et al. (2021) used 

skeletonization to segment maize and tomato 3D-reconstructions and to record the 

spatio-temporal development of stem and leaves geometry. Thus, the 

implementation of precise and automatic methodologies to relate these traits with 

dynamic biophysical and physiological processes of crop species has the potential to 

unlock new perspectives for high-throughput phenotyping over time (Singh et al., 

2016a). 

1.5. 3D-model assisted functional phenomics 

The greatest challenge faced by image-based phenotyping as a part of breeding 

programs is the envisage of heritable functional traits that govern agronomic 

performances of different plants under specific growing conditions (Pasala and 

Pandey, 2020). Recently, functional phenomics has been proposed to exploit high-

throughput phenotyping for the characterization of plants functioning in a wide range 

of environmental scenarios (York, 2019). This implies the association of phenotypic 

data directly accessible in 3D space with known adaptive parameters derived from 

other “-omics” approaches and related to plant physiological processes (Großkinsky 

et al., 2015). Within such analytic framework, image-derived structural phenotypes 

can be simultaneously fit to specific physiological pathways through advanced 

mathematical and statistical methods, uncovering new mechanistic insights into their 

linkage with plant/crop meaningful performances as a function of environmental 

drivers (Granier and Vile, 2014; York, 2019).  

In this context, plant/crop models are essential tools for dissecting complex 

mechanisms underlying biophysical/chemical phenomena (e.g., tolerance to 

abiotic/biotic stressors) into functionally relevant components (Tardieu and 

Tuberosa, 2010). Simulation models supported by multi-environment statistical 

analyses allow to quantitatively and dynamically reproduce a multitude of ecological 

and physiological processes using a schematic and simplified representation of the 

plant/crop’s growth, development and yield formation at different spatio-temporal 

scales, which is clearly challenging to pursue experimentally (Moreira et al., 2020). 

In this context, existing crop/plant models can be grouped into (a) empirical models, 

describing linear relationships between one dependent variable (e.g., canopy 
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architecture) and a set of predictors (e.g., light interception and Radiation Use 

Efficiency (RUE)) without considering relevant processes such as plant 

development, canopy growth and soil-moisture dynamics, and (b) process-based 

models (PBMs), which define plant/crop behaviour (e.g., RUE, nutrient use 

efficiency (NUE) and water use efficiency (WUE)) by simulating a range of 

physiological processes (e.g., photosynthesis and respiration) as a function of plant 

development and growth, and biomass accumulation and partitioning (Moriondo et 

al., 2015). Many robust PBMs have been developed to reproduce the entire crop 

growth cycle (i.e., crop models) or specific eco-physiological mechanisms such as 

plant gas exchange and soil-moisture dynamics (i.e., functional models; Leolini et 

al., 2018; Moriondo et al., 2019; Vercambre et al., 2014; Yang et al., 2022). 

Nevertheless, if the complex structure of these models allows to describe plant 

functioning at a high detail level (e.g., single-organ scale), it makes PMBs difficult 

to extend for extrapolations under different plant-environment conditions (de Visser 

et al., 2002). In addition, traditional PBMs do not incorporate the explicit 3D-

representation of the plant structure or related traits, although dynamically changes 

in canopy architecture strongly influence the processes involved, including light 

interception and gas exchange fluxes (Vos et al., 2010, 2007).  

The last few years have seen the development of functional-structural plant 

models (FSPMs) that couple functional PBMs with a virtual 3D-representation of 

the plant shape and topology at the single-organ level (Marshall-Colon et al., 2017; 

Sievänen et al., 2014; Soualiou et al., 2021). The FSPMs make it possible to quantify 

complex interactions between growing plant 3D-architecure, consisting of 

interconnected organ units (i.e., phytomers or metamers), and physiological 

processes (e.g., photosynthesis, light interception and transpiration) which, in turn, 

are driven by environmental factors (Vos et al., 2010; Zhao et al., 2019). According 

to the procedure used for plant 3D-modeling and visualisation, FSPMs can be 

divided into (a) rule-based, focusing on unsophisticated simulation of the 3D-

biological dynamics, and (b) static models, optimized to reproduce the plant structure 

at specific growth stages as governed by exogenous factors (Kim et al., 2020a). For 

instance, the influence of plant architecture on canopy light absorption was 

effectively evaluated by rule-based and static FSPMs in tomato, rice and wheat 

(Chen et al., 2014; Lauwers, 2019; Sarlikioti et al., 2011; Xu et al., 2020). However, 

3D-models resulting from both the FSPM categories have a simplified appearance 

compared to the real-life plants in that they lack organ-level details (e.g., leaf vein, 

organs roughness and pigmentation) which are essential for accurately assessing a 

number of physiological processes (e.g., light interception and photosynthetic rate) 

across varying growing scenarios. Accordingly, virtual simulations require training 
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with realistic and reliable 3D phenotypic data collected in controlled environments 

in order to pave the way for more accurate mechanistic understanding of plant 

responses to abiotic/biotic stressors (Zhou et al., 2019).  

In this context, 3D-model assisted phenotyping may facilitate the automate, 

precise parametrization and refinement of crop/plant models through continuous 

morpho-physiological experiments on thousands of real plants daily imaged under 

controlled conditions (Zhao et al., 2019). For such an example, the biomass 

accumulation of individual maize plants can be accurately disentangled into the light 

interception and RUE (which depends on the photosynthesis rate) by integrating the 

phenotypic data captured in 3D on a high-throughput phenotyping platform and the 

physiological parameters derived from a FSPM (Cabrera-Bosquet et al., 2016). 

Furthermore, dynamic models can be employed for scaling-up the short-term 

morpho-physiological responses to exogenous factors, such as salinity (Zhou et al., 

2018a) and drought (Briglia et al., 2020), identified at the organ scale by 3D-imaging 

pipelines to predict the crop performance under a variety of unfavourable field 

conditions (Tardieu et al., 2017). Falling within the functional phenomics paradigm, 

the gained knowledge can lead to the creation of new plant ideotypes and the active 

use of heritable traits in breeding programs based on image-based high-throughput 

phenotyping.  

1.6. Remaining knowledge gaps 

Modern phenotyping methods applied to identify key-target breeding traits and 

their relationship to plant functioning in ecosystems are still far behind the potential 

of quantitative genetics (Großkinsky et al., 2015). Notably, the effectiveness of 

genomic selection largely depends on the availability of accurate phenotypic data 

linked to marker-genes (Mir et al., 2019). This fosters the need of high-throughput, 

low-cost and automatic phenotypic technologies to provide breeders with new 

insights in morpho-physiological determinants of plant adaptation to target 

environments for the proper selection of stress-tolerant, high-yielding crop varieties 

(Zhao et al., 2019). 

Despite recent improvements in breeding intensity achieved through the 

evolution of high-throughput phenotyping platforms, the development of cost-

effective tools that can be adapted across phenotypes and locations remains a major 

technical constraint for genetic gain (Reynolds et al., 2019). In this context, flexible 

image-based facilities enabling the automated and simultaneous phenotypic 

evaluation of species with contrasting morphology and growth habit are urgently 

required (Lew et al., 2020; Li et al., 2014). Affordable RGB sensors mounted on 
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phenotyping platforms have the potential to effectively capture the shape of a plant 

in 3D, but a faithful reconstruction of complex architectures may strongly restrict the 

throughput of the imaging analysis (Paulus, 2019). Hence, for the high-throughput 

phenotyping of the relevant traits in different plant species, a trade-off between 

modelling accuracy and input requirements must be reached (Golbach et al., 2016).  

The integration of phenotyping platforms with robust image-analysis methods is 

pivotal for dissecting the morphometric components of modelled plants in a high-

throughput manner (Minervini et al., 2015). However, the scarcity of segmentation 

algorithms feasible to capture dynamic traits along different developmental stages 

makes the automatic collection of phenotypic data not yet routine (Chaudhury et al., 

2019). This is one of the most critical issues to be addressed for bridging the 

genotype-to-phenotype knowledge gap, as several expressed characters that could 

provide a better understanding of the underlying genetic effects on plant growth and 

environmental adaptation remain unexplored (Ubbens and Stavness, 2017).  

Appropriate choice of comprehensive pipeline that integrate high-throughput 

data collection and analytics is therefore imperative for maximizing the 

transferability of phenotyping into plant breeding and crop management applications 

(Jangra et al., 2021; Persa et al., 2021). Indeed, most available phenotyping 

frameworks need to prove their versatile effectiveness in the quantification of 

multiple complex traits of biological or agronomic significance. This is particularly 

important to cope with emerging challenges involving food production under 

changing climate (Costa et al., 2019b; Danzi et al., 2019), for which the systematic 

establishment of multi-domain (e.g., phenomics and genomics) and multi-scale (e.g., 

holistic and component) phenotypes of agro-economical relevance are urgently 

needed (Zhao et al., 2019).  
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2. Aim and outline of the research 

The overarching aim of this research is the implementation of a low-cost and 

versatile phenotyping platform for improving the understanding of plant dynamic 

responses to exogenous factors through the automatic dissection of quantitative traits 

from 3D-modeled phenotypes. 

In detail, the following specific objectives shall be pursued:  

1. To test the feasibility of a novel phenotyping platform in reproducing 

the morphometry of multiple plant species from image-derived 3D-

models; 

2. To increase the throughput of the phenotyping pipeline by establishing 

the proper balance between number of images and their quality for the 

effective measurement of individual structural parameters in plant 

species with contrasting canopy architectures; 

3. To develop an automatic, organ-level segmentation algorithm and high-

throughput phenotypic data extraction for image-driven plant 3D-

models obtained through the phenotyping platform;  

4. To evaluate the potential application of the integrated algorithm in 

modeling plant's dynamic responses to limiting environmental 

conditions (with a specific focus on early water stress) as a proxy of 

automatically and simultaneously collected quantitative phenotypic 

traits;  

5. To validate the proposed phenotyping pipeline in dynamic quantification 

of complex traits versus existing image-based phenotyping methods.   

In this context, Chapter 3 presents the setup of the novel phenotyping platform 

showing the image-acquisition hardware and image-processing workflow for 3D-

modeling of plant and organ architecture. The potential of the platform in the high-

detail quantitative analysis of phenotypes with different architectures (i.e., maize, 

tomato and olive tree) is shown. It also provides guidance on choosing the most 

effective combination of input factors to increase the throughput of the image 

acquisition and elaboration process.  

Chapter 4 describes the implementation of the phenotyping platform through 

the integration of a new image-based algorithm for the automated and simultaneous 

quantification of multiple morphological and physiological plant traits. In this 
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chapter, the logic and operation of the algorithm are detailed. The phenotyping 

pipeline is proven over different potted tomato cultivars and is applied for daily 

monitoring of plant's dynamic responses to progressive soil moisture depletion.  

Finally, Chapter 5 validates our phenotyping framework in monitoring the main 

structural traits of growing plants (i.e., maize and tomato) by comparing the 

performance of other commercial phenomics platforms. In this study, the meaningful 

phenotypes computed from the tested imaging methods are used as proxies for the 

quantification of the above-ground biomass accumulation, providing clear reference 

to select the most appropriate strategy for species-specific dynamic phenotyping.   
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ABSTRACT: This study aims to test the performances of a low-cost and automatic 

phenotyping platform, consisting of a Red-Green-Blue (RGB) commercial camera 

scanning objects on rotating plates and the reconstruction of main plant phenotypic 

traits via the structure for motion approach (SfM). The precision of this platform was 

tested in relation to three-dimensional (3D) models generated from images of potted 

maize, tomato and olive tree, acquired at a different frequency (steps of 4°, 8° and 

12°) and quality (4.88, 6.52 and 9.77 µm/pixel). Plant and organs heights, angles and 

areas were extracted from the 3D models generated for each combination of these 

factors. Coefficient of determination (R2), relative Root Mean Square Error (rRMSE) 

and Akaike Information Criterion (AIC) were used as goodness-of-fit indexes to 

compare the simulated to the observed data. The results indicated that while the best 

performances in reproducing plant traits were obtained using 90 images at 4.88 

µm/pixel (R2 = 0.81, rRMSE = 9.49% and AIC = 35.78), this corresponded to an 

unviable processing time (from 2.46 h to 28.25 h for herbaceous plants and olive 

trees, respectively). Conversely, 30 images at 4.88 µm/pixel resulted in a good 

compromise between a reliable reconstruction of considered traits (R2 = 0.72, 

rRMSE = 11.92% and AIC = 42.59) and processing time (from 0.50 h to 2.05 h for 

herbaceous plants and olive trees, respectively). In any case, the results pointed out 

that this input combination may vary based on the trait under analysis, which can be 

more or less demanding in terms of input images and time according to the 

complexity of its shape (R2 = 0.83, rRMSE = 10.15% and AIC = 38.78). These 

findings highlight the reliability of the developed low-cost platform for plant 

phenotyping, further indicating the best combination of factors to speed up the 
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acquisition and elaboration process, at the same time minimizing the bias between 

observed and simulated data. 

 

Graphical Abstract 

Keywords 

3D phenotyping; low-cost platform; plant imaging; structure for motion 

 

3.1. Introduction 

Plant phenotyping is recognized as one of the most relevant research fields 

addressing crop genetic improvement (Li et al., 2014) by providing significant 

advances in agronomic and breeding programs (Araus et al., 2018b). Indeed, plant 

phenotypes are the expression of similar genes (Wyatt, 2016), which, coupled with 

exogenous factors, contribute to modifying the morphological structure from the 

early stages of growth (Pangga et al., 2011). The evaluation of this interaction 

through the analysis of particular morphological traits of stem, petioles/branches and 
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leaves allows the most stress-tolerant genotypes to be selected, also taking into 

account the expected impact of climate change (Nicotra et al., 2010). For such a 

purpose, in recent years, different approaches were developed for efficient and 

accurate quantitative measurements of phenotypic traits related to plant growth and 

architecture, including size and shape (Wang et al., 2019b). 

The first studies on plant phenotype were conducted through destructive and 

time-consuming methods (Laxman et al., 2018), which in many cases resulted in 

inefficient and inaccurate measurements of morphometric traits (Qiu et al., 2018). 

The technology improvement in the last decades has allowed the introduction of new 

non-invasive tools, ensuring a rapid and faithful structural parameters’ extraction 

(Zhang et al., 2016). In this context, crop phenotyping platforms are considered a 

valid solution (Guo et al., 2018). Phenotyping platform-based approaches enable 

high-throughput, automated and simultaneous multiple-plant screening, resulting in 

saving processing time and improved accuracy in the analysis of plant traits 

(Chawade et al., 2019). 

Automated platforms have been designed mainly for plant phenotyping in 

growth chambers or greenhouses and combine robotics, remote sensors and data 

analysis systems (Pratap et al., 2015). The most efficient hardware setup requires 

control devices mounted on the platform to automatically move sensors over the 

plants (Roitsch et al., 2019). Several sensor-to-plant commercial phenotyping 

systems have been successfully used for specific applications, such as analysis of 

plants’ growth (De Diego et al., 2017), sensitivity to water stress (Granier et al., 

2006) and response to light alterations (Walter et al., 2007). However, the complex 

structure of these platforms necessitates specific layouts of growth chambers or 

greenhouses (Zhou et al., 2018a), which are unsuitable for a widespread use by 

researchers and breeders (Kolukisaoglu and Thurow, 2010). 

The high cost of commercial platforms has driven stakeholders to develop 

simpler facilities equipped with a range of sensors, including RGB digital cameras 

(Zhang et al., 2019), Light Detection And Ranging (LiDAR; Guo et al. 2018) and 

depth scanners (Huang et al., 2018). These platforms ensure faithful plant three-

dimensional (3D) modelling for morphological parameters’ measurement, 

combining non-invasive imaging and image analysis (Gibbs et al., 2017). 

Nevertheless, many devices may not be initialized for affordable phenotyping and 

breeding programs due to sensors’ cost-efficiency and spatial and temporal 

resolution (Nguyen et al., 2017), and to fill this gap, low-cost imaging solutions are 

gaining interest (Müller-Linow et al., 2019; Paulus et al., 2014a). 
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Among these techniques, structure for motion (SfM) represents a widely-used 

approach for plant phenotyping from both proximal and remote platforms(Caruso et 

al., 2019; Moriondo et al., 2016; Rose et al., 2015). SfM is based on the overlap of a 

set of two-dimensional (2D) images acquired by digital camera(s) from multiple 

viewing angles for 3D-object reconstruction (Smith et al., 2015). Unlike 

conventional photogrammetric techniques, SfM automatically estimates the 

geometry of the scene and camera parameters (Pagán et al., 2019), requiring less user 

supervision and expertise for plant modelling (Micheletti et al., 2015). 

A camera-based SfM approach has been used for a low-cost and detailed 

reconstruction of herbaceous and tree crops, such as soybean (Cao et al., 2019), 

paprika (Zhang et al., 2016) and olive tree (Moriondo et al., 2016). For instance, Liu 

et al. (2017) built a 3D representation of a manually-rotated single rosette plant, 

acquiring 1000 low-resolution images (7.96 megapixels), which is too labor-

intensive for a multi-plant application. Similarly, Santos and de Oliveira (2012) 

captured 143 and 77 images at 9.98 megapixels resolution for modelling basil and 

ixora specimens, stating that their method is not suitable for automatic plant 

digitizing due to time-consuming image-processing and occlusion problems, 

especially in too-dense canopies. 

Indeed, although results were satisfactory, no studies have provided references 

for optimizing the reconstruction process in terms of input and time requirements, 

and this represents a bottleneck in the prompt and automatic acquisition of plant 

phenotypic traits. As previously reported by Torres-Sánchez et al. (2018), processing 

time depends on the quantity and resolution of images used in models’ generation. 

Zhou et al. (2018b) developed a SfM-based budget phenotyping platform to find a 

balance between processing time and accuracy in measuring geometric dimensions 

of 44 soybean plants in a greenhouse. They showed that plant height can be faithfully 

reconstructed by spending approximately 5.5 h to process 156 images with 19.91 

megapixels resolution. However, this input combination is applicable solely on one 

species and for the extraction of a single morphological parameter. 

To our knowledge, no other study has attempted to establish the proper balance 

between number of images and their quality for an efficient and accurate 

measurement of individual structural parameters for species with different canopy 

structure. In this context, a comprehensive analysis based on the effectiveness and 

reproducibility of the image-based SfM technique is needed (Paulus, 2019) for the 

reconstruction of high-precision models and the extraction of complex 

morphological parameters (Rose et al., 2015; Zhang et al., 2016). 
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To meet the needs stated in this premise, the aim of this paper is two-fold: firstly, 

developing a low-cost and automated platform equipped with a conventional RGB 

camera for 3D plant reconstruction using an SfM approach, and as a second step, we 

tested the reliability of this platform in the faithful reproduction of main plant 

phenotypic traits (plant and branches height, stem diameter, petioles/branches 

inclination and single-leaf inclination and area) in relation to the frequency and 

quality of acquired images. To get the widest possible overview of the performance 

of this platform, this test phase was carried out on species with completely different 

canopy architectures, namely maize (Zea mais L.), tomato (Lycopersicum 

esculentum L.) and olive tree (Olea europaea L.). The methodology was evaluated 

considering the best compromise between image frequency and quality of 

acquisition that at the same time permits us to improve processing times and obtain 

reliable morphometric data. 

3.2. Materials and methods 

3.2.1. Phenotyping platform setup 

The platform (Figure 3.1 and S3.1) is basically composed of a common RGB 

camera installed on a sliding system consisting of two 1 m long aluminum tubes, 

which allows the camera to position itself in front of the target/plant to be scanned. 

The plants are placed on rotating plates (Ø 15 cm) equipped with soil moisture and 

weight sensors for real time monitoring of plant transpiration rate. The camera is 

mounted on a support equipped with thrust-ball bearings that enable camera rotation 

on its vertical axis so as to allow the positioning of the rotating plates on both sides 

of the track. This simplified setup made the developed platform space-saving and 

flexible in adapting to the majority of growth chambers or greenhouses. 

All hardware components are coordinated by low-power MicroController Units 

(MCUs; 2 Arduino® Nano V3.0 based on ATmega328P_PU and standalone 

ATmega328P_PUs; https://www.arduino.cc). At the appointed time, a MCU 

(Arduino® Nano V3.0; Atmel Corporation®, San Jose, CA, USA) equipped with a 

Real-Time Clock (RTC, DS1307; Maxim Integrated®, San Jose, CA, USA) module 

sends an impulse to the DRV8825 stepper motor MCU (Arduino® Nano V3.0; Texas 

Instruments Incorporated®, Dallas, TX, USA) positioned on the guidance system and 

on the plates. The mechanical automatism allows camera shots to be synchronized 

with the movement of the stand and guarantees a single-plant whole-shape scanning. 

We developed an algorithm in Arduino® Integrated Development Environment 
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(IDE) for programming the path of the camera and the frequency and speed of plates’ 

rotation. 

Once the series of images is captured, the camera moves towards the next target 

and begins a new 360° acquisition. At the end of the cycle, it returns to the initial 

position and waits for a new signal from the RTC module. At the same time, a MCU 

(standalone ATmega328P_PU; Atmel Corporation®, San Jose, CA, USA) inserted 

on each pot sends the soil moisture and plant weight via Wi-Fi by low-cost sensors 

(VH400, Vegetronix® and load cells interfaced with HX711 Balance Modules, 

respectively; Avia Semiconductor Co.®, Xiamen, China) to the RTC-equipped 

microcontroller for saving on a Secure Digital (SD) card.  

Figure 3.1. Schematic representation of the low-cost and automatic phenotyping platform. 

The platform consists of the following electronical components: (a) data acquisition module 

with (a1) 2 AA batteries, (a2) a quartz crystal oscillator (16 MHz), (a3) 2 micro-USB 

connectors for weight and humidity sensors, (a4) a NRF24L01 transceiver module (2.4 GHz; 

Nordic Semiconductor®, Trondheim, Norway), (a5) 4 capacitors (two 22 pF, one 470 pF and 
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one 1 uF), (a6) 2 voltage regulators 78xxl (1 mic5205-3.3y and 1 mic5205-5.0y; Micrel®, 

San Jose, CA, USA), (a7) a BME280 temperature, humidity and pressure sensor (Digi-Key®, 

Thief River Falls, MN, USA), (a8) a RTC, and (a9) a MCUATmega328P_PU. (b) Data 

logger module with (b1) an SD card reader, (b2) a NRF24L01 transceiver module (2.4 GHz), 

(b3) 2 Arduino Nano V3.0, (b4) a RTC, (b5) 4 470 pF capacitors, (b6) 2 voltage regulators 

78xxl (mic5205-5.0y), (b7) photographic camera module, and (b8) a 4N35 optocoupler 

(Mouser Electronics®, Solsona, Barcelona, Spain). (c) Engine control module with (c1) 

stepper motor (400 steps), (c2) a voltage regulator 78xxl (mic5205-5.0y), (c3) 2 470 pF 

capacitors, (c4) 4 switches (1 for direction and 3 for micro-steps control), (c5) engine enable 

unit based on Boolean logic, and (c6) driver DRV8825 (Texas Instruments Incorporated®, 

Dallas, TX, USA). 

The components we used to assemble the platform were readily available on the 

online market or alternatively in local stores with low prices. Accordingly, the total 

cost of the system, including sliding track, ten rotating plates, engine control modules 

(Table S3.1a) and data logger (Table S3.1b) was about $800. Also considering the 

data acquisition modules for single-plant monitoring (not used in this study), the 

price increased by about $500 (Table S3.1c). In both cases, the platform can be 

considered a low-cost phenotyping system comparing to commercial and private 

solutions. This platform was tested in an automated 360° scanning of each target-

sample based on the SfM approach. 

3.2.2. Experimental setup and observed data 

The experiment of plant phenotyping reconstruction was conducted on 12 potted 

plants of three different species (Zea mays L., Lycopersicum esculentum L. and Olea 

europea L.). The species were selected according to their high-agro-economical 

interest and morphological structure, typical of herbaceous and tree crops.  

Maize and tomato seedlings were sown in single pots (13 × 13 × 12 cm) and 

located in an environmentally controlled growth chamber for over 3 weeks. In order 

to replicate optimal growth conditions, the chamber’s internal air temperature was 

27 °C for 12 h/d in lighting conditions (Osram Fluora L 36W/77® fluorescence lamps 

at 1400 Lumen; OSRAM Licht AG®, Munich, Germany) and 18 °C for the remaining 

time in dark conditions, in order to simulate the diurnal sunlight cycle. Instead, 2-

year-old olive trees were planted in single pots (10 × 10 × 25 cm) and grown in a 

heated greenhouse (maximum and minimum temperature of 20 °C and 10 °C, 

respectively) during the cold season, and outdoors in natural environmental 

conditions for the remaining time. All the 12 plants were fully irrigated during the 

growing season. The measurements were conducted 21 d after sowing (DAS) for 

maize, 24 for tomato and 810 and 811 for olive tree, under indoor controlled 

illumination. In particular, uniform lighting of the single plants was guaranteed by 



Chapter 3. Performances evaluation of a low-cost phenotyping platform 

 

28 

 

two neon photography lamps at a color temperature of 5400 K, following Biasi et al. 

(2012). In order to avoid similarities in color between the background and 

foreground samples, a vertical red panel was placed behind the scene. Four markers 

with a center point radius of 10 mm were applied to each pot and further used for 

generating and rescaling the point cloud. A Nikon® D810 36.3 megapixel (Nikon 

Corporation®, Minato, Tokyo, Japan) digital camera sensitive to the visible range 

(400–700 nm) of the electromagnetic spectrum, equipped with a Nikon® AF-S DX 

NIKKOR 35 mm f/1.8G (Nikon Corporation®, Minato, Tokyo, Japan) lens was 

mounted on the platform. In order to avoid radiometric image distortion (Remondino 

and El-Hakim, 2006) and to increase reconstruction accuracy (Martinez-Guanter et 

al., 2019), the camera was placed on the sliding system with a decreasing inclination 

angle around 15 degrees with respect to the plant and set in manual-exposure mode.  

For each target, a set of 90 images was acquired at a regular step of 4° with three 

different quality levels in terms of pixel resolution: high (4.88 µm/pixel; H), medium 

(6.52 µm/pixel; M) and low (9.77 µm/pixel; L). 

Figure 3.2. Observed morphological values of: (a) plant height (PH) and branches heights 

(BH), (b) leaves (LI) and branches inclination (BI), (c) single-leaf area (LA) and (d) basal 

(BD), half-plant (HD) and apical (AD) stem diameter for maize (C), tomato (T) plants and 

olive trees (O) considered in the study. 

Subsequently, observed data of plant height (PH), petioles/branches height (BH), 

basal, half-plant and apical stem diameter (BD, HD, AD), petioles/branches 
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inclination angle (BI) and single leaf inclination (LI) and leaf area (LA) of a specific 

subset of leaves were measured (Figure 3.2). 

Particularly, plant heights were measured from the lowest point of the main stem 

to the top of the plant (PH) and to the insertion of each branch (BH) using a tape 

measure with markings every millimeter. Presupposing that the seedlings’ stem had 

a circular cross-section, BD, HD and AD were obtained with a single measurement 

at each of the three heights using a digital caliper with a submillimeter precision 

(0.01 mm). Over each plant, sampled leaves were labelled by a marker placed on the 

upper side of the leaf and a smartphone-camera application (Camera Angle®; 

https://y-dsgn.com/angle.html) was used to obtain levelled images that were used to 

measure BI and LI using an image editor. Leaves were then removed from the plants, 

placed on a gridded plane and photographed orthogonally from above for calculating 

LA (see Section 3.2.3). 

From the entire dataset, three groups of digital images were selected (90, 45 and 

30 photos), considering 30 as the minimum number of images for a proper 

reconstruction (Martinez-Guanter et al., 2019; Pound et al., 2014). 

3.2.3. Image processing 

The images were processed on an Intel® Xeon® Central Processing Unit (CPU) 

E3-1270 v6 3.80 GHz workstation (Santa Clara, CA, USA) with 32 GB RAM 

according to the following procedure (Figure 3.3). Firstly, the red background panel 

was automatically removed using a supervised color-thresholding approach in 

MATLAB® environment (ver. R2018b; The MathWorks Inc.®, Natick, MA, USA) 

under the freely available Campus Wide License. In particular, the masking routines 

were performed through the open-source Image Processing ToolboxTM from 

MATLAB®, which provides a comprehensive set of commonly run tools to automate 

2D- and 3D-image processing workflows for high-throughput plant phenotyping. 

Masks obtained were further used to generate a dense 3D-point cloud of the plant 

with Agisoft PhotoScan Professional® commercially available software package 

(ver. 1.4.1; Agisoft LLC®, St. Petersburg, Russia). In this study, PhotoScan® was 

chosen as it offers a user-friendly and essentially automatic solution for SfM-based 

3D plant reconstruction at a relatively low budget (the latest version of Educational 

Licenses for 3D-model generation can be purchased for $59 (Standard Edition) or 

$549 (Professional Edition)). This software allowed us to automatically refine the 

camera position and orientation for each photo loaded using the markers placed on 

each pot as ground control points (GCPs) and to build a digital surface model (DSM) 

by searching for common points in the scene. After obtaining the sparse cloud, a 
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solid 3D model (xyz) was created by setting high-quality reconstruction, in order to 

obtain a detailed plant geometry representation in a reasonable time (Verma and 

Bourke, 2019). The dense point cloud was scaled using the markers as references. 

Finally, outlier points were sorted out using an inbuilt statistical filter. The amount 

of time required for each main step was recorded for every sample. 

Figure 3.3. Workflow of image processing with specific timed steps. 

The open-source image processing software ImageJ® (http://rsbweb.nih.gov/ij/) 

was adopted to detect the angles of petioles/branches (BI) and leaves (LI) and to 

calculate the area of the leaves (LA). BI were obtained considering the vertical angle 

between a single petiole/branch and stem (Cao et al., 2019). We measured LI as the 

angle between the leaves’ surface normal and the zenith, following the methodology 

used in previous studies (Chianucci et al., 2018; Moriondo et al., 2016; Pisek et al., 

2011). LA was calculated by color-thresholding the gridded background and setting 

the surface included within the leaf boundaries (Cosmulescu et al., 2020; Jianchang 

et al., 2011; Moriondo et al., 2016).  

3.2.4. Architecture segmentation 

Plants 3D reconstructions were visualized and manually segmented into 

principal stem, petioles/branches and single leaves using CloudCompare® 

(http://www.cloudcompare.org/). All the xyz points that defined each plant organ 

were manually digitized and classified/segmented individually. A MATLAB® semi-

automatic algorithm was used for extracting plant morphology. 

Following Wu et al. (2018), 𝑃�̂� and 𝐵�̂� were simulated considering the straight-

line distance in the Euclidean space �̂� between a common xyz point (p1) and another 

two xyz points (p3 and p4, which are the highest point of the main stem and lowest 

point of each petiole/branch dense cloud respectively, Equation (3.1)). 

�̂� =  √(𝑥𝑝𝑖 − 𝑥𝑝1)
2

+ (𝑦𝑝𝑖 − 𝑦𝑝1)
2

+ (𝑧𝑝𝑖 − 𝑧𝑝1)
2
 (3.1) 

where p1 is the lowest point of the dense cloud, pi = p3 or p4, xpi is the x-coordinate of the 

point i, ypi is the y-coordinate of the point i and zpi is the z-coordinate of the point i. 
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𝐵�̂�, 𝐻�̂� and 𝐴�̂� were measured considering the methodology presented by 

Gélard et al. (2017b). Firstly, three different rings with a fixed radius (depending on 

the plant species) and characterized by p1, stem midpoint (p2) and p3 as centroids 

respectively, were created. Secondly, all the points of the stem point cloud contained 

within each ring were selected, and the stem diameter at the three heights (�̂�) was 

extracted (Equation (3.2)). 

�̂� = 𝑚𝑖𝑛 (
𝑟𝑎𝑛𝑔𝑒𝑋

2
,
𝑟𝑎𝑛𝑔𝑒𝑌

2
) (3.2) 

where rangeX and rangeY are the differences between the highest and lowest x- and y-

coordinate values respectively, of all the points contained within each ring. 

𝐵�̂� was estimated by the angle between the hypothetical single petiole/branch 

plane and the zenith. For each set of coordinates representing a leaf, the best fitting-

plane to 3D data was automatically detected and the angle between the vector normal 

to that plane and the leaf surface zenith was obtained (𝐿�̂�). Subsequently, a boundary 

that enveloped all the single-segmented leaf points was created using a convex hull 

approach and 𝐿�̂� was calculated, also including any internal voids. 

3.2.5. Statistical analysis 

The coefficient of determination (R2, Equation (3.3), Wright 1921), the relative 

Root Mean Squared Error (rRMSE, Equation (3.4), Loague and Green 1991) and the 

Akaike Information Criterion (AIC, Equation (3.5), Akaike 1998) were used as 

goodness-of-fit indexes to compare the simulated to the observed morphological 

measurements. According to previous studies (Jamieson et al., 1991; Li et al., 

2013a), model accuracy is considered excellent when rRMSE ≤ 10%, good if 10% 

< rRMSE ≤ 20%, fair if 20% < rRMSE ≤ 30% and poor if rRMSE > 30%. A 

weighting adjustment (Sw, Equation (3.6)) was applied to the above-mentioned 

statistical indexes in order to compensate for missing values in the 3D reconstruction. 

R2 =  
∑ (𝑂𝑖 − 𝑃𝑖)2𝑛

𝑖=1

∑ (𝑂𝑖 − �̅�)2𝑛
𝑖=1

 (3.3) 

 rRMSE =  
[∑

(𝑃𝑖 − 𝑂𝑖)2

𝑛
𝑛
𝑖=1 ]

0.5

�̅�
 ×  100  

(3.4) 

 AIC = 2𝑘 − 2 ln(�̂�)  (3.5) 
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 Sw = 𝑆 [1 − (
∑ 𝑚𝑣𝑛

𝑖=1

𝑛
)]  (3.6) 

where 𝑂𝑖  is the observed value i, �̅� is the average of the observed values, 𝑃𝑖  is the simulated 

value i, n is the number of observations, k is the number of estimated parameters in the model, 

�̂� is the maximum value of the likelihood function for the model, S is the statistical index 

considered and mv is the number of missing values. 

3.3. Results 

3.3.1. Time processing 

The 3D SfM-based reconstruction procedure of herbaceous crops (maize and 

tomato) resulted consistently as more time-saving compared to olive trees (Figure 

3.4). Based on the average time at 30 images per variety, the processing time 

increased on average from 2.2 to 7.7 times for maize and tomato and from 2.5 to 

12.2 for olive tree at 45 and 90 images, respectively. Equally, the average time 

required for image processing at 9.77 µm/pixel increased from 2.0 to 5.4 times for 

herbaceous crops, and from 2.2 to 9.1 for olive tree, at 6.52 and 4.88 µm/pixel spatial 

resolutions. Among the different main steps of image processing (background 

removal, mask importing, images alignment and dense cloud generating), the 

generation of a dense point cloud was the most time-consuming for each species. It 

took on average 59.6% (maize and tomato) and 90.9% (olive tree) of the total amount 

of time and was followed by the images’ alignment (24.8% and 6.2%), background 

removal (14.2% and 2.6%) and masks’ importing (1.2% and 0.2%). The remaining 

time (< 0.1%) was attributable to outlier points removal. Figure 3.4 Average time, 

in seconds (sec), required for each main step (background removal, mask importing, 

images alignment and dense cloud generating) of image processing for the three-

dimensional (3D) reconstruction of maize, tomato and olive-tree plants considering 

every combination of photo quantity (90, 45, 30) and quality (H, M, L). 

3.3.2. Morphometric traits extraction 

The overall results indicated, as expected, that the best performances in 

reproducing the main plant morphological traits of all varieties was obtained by 

combining the lowest rotating step (4°) for the highest quality of images (4.88 

µm/pixel; Figure 3.5). In general, this combination of factors guaranteed a high 

agreement (R2 = 0.81) and excellent accuracy (rRMSE = 9.49%) at estimating most 
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plant parameters (Table 3.1), except the grouping of stem diameters at the three 

different heights (D) and LA (only for tomato and olive tree). 

Figure 3.4. Average time, in seconds (sec), required for each main step (background removal, 

mask importing, images alignment and dense cloud generating) of image processing for the 

three-dimensional (3D) reconstruction of maize, tomato and olive-tree plants considering 

every combination of photo quantity (90, 45, 30) and quality (H, M, L). 
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Table 3.1. Statistical tests (R2 and rRMSE) and goodness-of-fit (AIC) for plant height (PH), 

branches height (BH), merged basal, half-plant and apical stem diameters (D), 

petioles/branches inclination (BI), leaf inclination (LI) and leaf area (LA) extracted from 

maize, tomato and olive tree 3D models using 90 images at 4.88 µm/pixel resolution. 

Trait Crop R2 rRMSE AIC 

PH Maize 0.99 5.03% –2.74 

PH Tomato 0.99 5.69% 10.00 

PH Olive 0.83 1.86% 14.12 

BH Maize 0.97 8.37% 12.39 

BH Tomato 0.97 7.74% 52.30 

BH Olive 0.99 2.15% 88.04 

D Maize 0.23 11.80% 7.35 

D Tomato 0.67 21.86% 22.51 

D Olive 0.56 16.39% 35.61 

BI Tomato 0.95 11.19% 104.55 

BI Olive 0.91 6.09% 35.44 

LI Maize 0.99 0.58% 13.17 

LI Tomato 0.96 6.26% 63.58 

LI Olive 0.99 1.39% 12.38 

LA Maize 0.97 6.89% 40.22 

LA Tomato 0.36 19.69% 42.95 

LA Olive 0.50 28.37% 56.39 

Plant heights 

Simulated PH and BH showed strong agreement in maize (R2 ≥ 0.97), tomato 

(R2 ≥ 0.95) and olive tree (R2 ≥ 0.70), always with a good error index (rRMSE ≤ 

12.87%), irrespective of input quantity and quality. In particular, the accuracy in PH 

estimation of maize (rRMSE ≤ 7.05%), tomato (rRMSE ≤ 6.64%) and olive tree 

(rRMSE ≤ 3.33%) was higher than in BH (rRMSE ≤ 12.87%, 12.74% and 5.20%, 

respectively). By considering the AIC values, the fits for PH were also better than 

those in BH. For both parameters, the reconstruction performances were not 

significantly improved when passing from the lowest to highest input requirements 

(Figure 3.5) and the combination of 30 low-resolution images may be considered 

the most effective in terms of time and accuracy for evaluating PH and BH in maize 

(R2 = 0.97, rRMSE = 5.15% and AIC = 2.36; R2 = 0.98, rRMSE = 8.41% and AIC 

= 3.49), tomato (R2 = 0.99, rRMSE = 6.23% and AIC = 10.65; R2 = 0.93, rRMSE = 
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12.74% and AIC = 69.95) and olive tree (R2 = 0.83, rRMSE = 3.33% and AIC = 

14.19; R2 = 0.99, rRMSE = 2.07% and AIC = 82.22). 

Stem diameters 

The estimation of BD, HD and AD (merged as D in Figure 3.5) evidenced the 

highest average performances for tomato (R2 ≤ 0.75, 19.73% ≤ rRMSE ≤ 35.62% 

and 19.11 ≤ AIC ≤ 34.10) followed by maize (R2 ≤ 0.23, 11.80% ≤ rRMSE ≤ 37.18% 

and 6.03 ≤ AIC ≤ 9.39) and olive tree (R2 ≤ 0.56, 16.39% ≤ rRMSE ≤ 54.29% and 

24.04 ≤ AIC ≤ 45.50) by considering all combinations in terms of image quantity 

and quality. However, 3D SfM-based reconstructions did not allow us to accurately 

highlight their differences along the vertical axis of each species, with particular 

reference to the top of the stem (AD) for maize, tomato and olive tree (average 

rRMSE = 30.14%, 60.20% and 41.81%, respectively). Indeed, removing the AD 

significantly increased the average accuracy in basal (BD) and half-plant (HD) stem 

reproduction for maize (rRMSE = 25.86%), tomato (rRMSE = 15.44%) and olive 

tree (rRMSE = 28.78%). Consequently, 45 images with low resolution may be 

considered the best-fitted combination for measuring the diameters at different 

heights in tomato (R2 = 0.75, rRMSE = 19.73% and AIC = 19.11), while the highest 

input quantity (90) and quality are required for an inadequate reconstruction in maize 

and olive tree. 

Petiole/branch inclination 

The 3D models faithfully reproduced inclination of tomato petioles (BI; 0.66 ≤ 

R2 ≤ 0.95, 11.19% ≤ rRMSE ≤ 29.33% and 104.55 ≤ AIC ≤ 135.67) and olive tree 

branches (0.50 ≤ R2 ≤ 0.91, 6.09% ≤ rRMSE ≤ 19.56% and 34.44 ≤ AIC ≤ 53.56). 

As underlined by the AIC trend, higher quality of images has no significant effect 

on the goodness-of-fit of the simulated tomato petioles’ inclinations, while it 

significantly decreases the risk of underfitting or overfitting in olive tree. For this 

reason, the most effective and time-saving input combination for BI reconstruction 

of tomato and olive tree may be obtained by acquiring 30 images with medium (R2 

= 0.85, rRMSE = 17.23% and AIC = 123.06) and high resolutions (R2 = 0.76, rRMSE 

= 16.16% and AIC = 45.81), respectively. 

Leaf inclination 

A good agreement was found between observed and simulated LI in all 

combinations of images quantity and quality (R2 ≥ 0.77), except for maize 
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Figure 3.5. Response surface methodologies (RSMs) of maize (C), tomato (T) and olive-tree 

(O) plant heights (PH and BH; cm), merged basal, half-plant and apical stem diameter (D; 

mm), petioles/branches inclination (BI; deg), leaves’ inclination (LI; deg) and leaf area (LA; 

cm2) predictors (R2, rRMSE and AIC) related to image quantity (30, 45, 90; on the axis of 

ordinates) and quality (L, M, H; on the axis of abscissas) changes. 

reconstruction when using 30 medium-resolution images (R2 = 0.31). These good 

performances were associated with a very low rRMSE ranging from 0.58% to 9.85% 

for maize, 4.84% to 12.87% for tomato and 1.39% to 7.21% for olive tree. Hence, 

30 high-resolution images represent the appropriate combination to correctly 

estimate LI of maize (R2 = 0.81, rRMSE = 5.93% and AIC = 66.65) and tomato (R2 

= 0.98, rRMSE = 6.26% and AIC = 64.31), while the same quantity of images with 
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medium quality may be sufficient for olive tree (R2 = 0.95, rRMSE = 5.78% and AIC 

= 18.79). 

Leaf area 

Three-dimensional (3D) reconstruction of LA showed the highest agreement and 

accuracy in maize (0.87 ≤ R2 ≤ 0.98 and 6.86% ≤ rRMSE ≤ 17.52%), while lower 

performances were obtained in tomato (0.34 ≤ R2 ≤ 0.79 and 11.01% ≤ rRMSE ≤ 

19.69%) and olive tree (0.26 ≤ R2 ≤ 0.67 and 13.06% ≤ rRMSE ≤ 31.69%). The 

goodness-of-fit index has an antithetical trend between maize (33.55 ≤ AIC ≤ 58.97) 

on one side, and tomato (27.43 ≤ AIC ≤ 43.20) and olive tree (33.76 ≤ AIC ≤ 56.39) 

on the other. In particular, the highest fits for maize were observed when the number 

and quality of the images increased (Figure 3.5), while the risk of underfitting or 

overfitting in tomato and olive tree decreased with a lower quantity and resolution 

of input. As a result, the most efficient combinations for LA estimation may be 

considered 45 images with low quality in maize (R2 = 0.97, rRMSE = 6.86% and 

AIC = 39.74) and olive tree (R2 = 0.58, rRMSE = 16.38% and AIC = 41.64), and 30 

images with low quality in tomato (R2 = 0.79, rRMSE = 11.01% and AIC = 27.43). 

3.4. Discussion 

The low-cost and automatic phenotyping platform proposed in this study has 

proven to be a useful tool for a reliable and affordable image-based phenotyping 

analysis on crops with extremely different canopy architectures. Within this pipeline, 

the image scanning strategy joined to the SfM-based 3D reconstruction technique 

resulted in an appropriate approach for the faithful estimation of the main plant 

phenotypic traits. 

Indeed, differently from SfM imagery analysis based on a manual acquisition 

system (Itakura and Hosoi, 2018; Rose et al., 2015), our platform is able to 

automatically acquire images and, thus, gather a pre-defined number of overlapped 

images, avoiding human mistakes (i.e., images out of focus and lack of scene 

features, Teixeira Santos et al. 2015). Although the SfM methodology has been 

widely adopted for low-cost and accurate 3D plant modelling (Liu et al., 2017; 

Santos and de Oliveira, 2012), only a few studies have focused on optimization of 

the reconstruction process in relation to different canopy architectures, even if they 

have been mainly fed with a fixed number of images of the same quality (Andújar et 

al., 2018; Martinez-Guanter et al., 2019). However, this approach prevented 

investigating the best input combination for an efficient modelling of each species, 
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which is an essential reference for a practical application of SfM in agronomic and 

breeding programs. 

In this way, our study shows the capability of SfM in retrieving the architecture 

for herbaceous (i.e., maize and tomato) and tree crops (i.e., olive tree), establishing 

a compromise between measurements error and processing time. Indeed, although 

90 images with the highest spatial resolution maximized the agreement and accuracy 

in estimating the total amount of morphometric traits for all the species, this 

combination required the longest processing time. Hence, in order to optimize the 

3D reconstruction process, two main factors must be taken into consideration: the 

minimum number of images and the lowest spatial resolution that guarantee a correct 

extraction of the main morphological traits in a reasonable time. 

The performances related to each combination of quantity and quality of images 

are not easily generalizable but rather depend on specific parameters. In this context, 

a low number of images with poor spatial resolution negatively affected the accuracy 

of the 3D reconstruction, leading to higher errors in smaller objects (i.e., stem 

diameters and leaf area, Andújar et al. 2017). In particular, the lower the ratio 

between the target size and the pixel, the higher the estimation error of the parameter 

(Jones and Sirault, 2014). As a consequence, images at higher resolution were 

required to reconstruct small traits (e.g., petioles inclination), due to the larger 

number of points within (Zhou et al., 2018b). Conversely, results obtained on plant 

heights provided evidence that lower quantity and quality of images may be 

effectively merged for reconstructing large plant targets.   

The comparison between species with extremely different architectures 

highlights the need for a high-resolution scanning from multiple perspectives to 

retrieve complex canopies (e.g., olive tree), where a portion of inner structures are 

hidden by overlapping leaves (Paproki et al., 2012). This issue is more pronounced 

when acquiring images by hand-held cameras, as demonstrated in previous studies 

(Quan et al., 2006; Tan et al., 2007) where laborious graphical editors were needed 

to artificially complete the partially modeled branches.  

Coherently with the geometric complexity of the target-objects, a higher level of 

image resolution was required for crops with a curling-down leaf conformation 

(maize and tomato, Torres-Sánchez et al. 2018; Zhou et al. 2018b), while a lower 

quality was necessary for flat leaves of olive tree. A similar result was obtained by 

Bernotas et al. (2019), where the natural convex shape of Arabidopsis leaves led to 

poor accuracy in inclination extraction compared to flat surfaces. This could 

represent a limitation on the assessment of geometrical alterations in canopy 
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structure when applied in other conditions, such as on stressed plants (Zhou et al., 

2017). 

However, some technical aspects need to be improved to resolve the 

uncertainties in the estimation of traits (i.e., stem diameters and leaf area) when 

increases in images’ quantity and quality are not enough. In this context, low 

distances between sensor and plant (Andújar et al., 2018) coupled with an increase 

in height and inclination of the camera, could be a cost-effective solution for 

reducing errors in canopy disclosure, keeping the potential of the zenith-point-of-

view image acquisition system in vertical measurements unchanged. Nevertheless, 

errors can also be attributable to a manual and non-automatic extraction of the traits. 

For that reason, a fully automated point cloud segmentation could be useful for a 

more time-saving and accurate reconstruction of herbaceous and arboreal 

architectures.  

Looking at these considerations, we have demonstrated that specific 

combinations of quantity and quality of images are necessary for an accurate and 

efficient reproduction of specific objects with different size and shape. In particular, 

the input requirements we selected for maize and tomato models increase from PH 

and BH (30 L) to LA (45 and 30 L, respectively), BI (30 M) and LI (30 H), while 

olive tree reconstructions necessitated 30 (PH, BH and LI) and 45 (LA) images with 

low quality, or 30 high-resolution images (BI). Instead, we have not found any input 

combination that could guarantee a reproduction of D in a reasonable time, except 

for tomato (45 L). 

Consequently, the use of 30 high-quality images (at maximum 4.88 µm/pixel 

spatial resolution) for reproducing the whole shape of both herbaceous (i.e., maize 

and tomato) and olive tree plants is a good compromise between a reliable 

reconstruction of the main morphometric traits (R2 = 0.72, rRMSE = 11.92% and 

AIC = 42.59) and processing time (Figure 3.4).  

Obviously, the suggested combinations may vary according to the plant growth 

and this issue should be taken into account when the proposed methodology is aimed 

at a practical application, such as crop monitoring. As a matter of fact, an increase 

in canopy density could generate overlapping surfaces and require a larger number 

of images with higher resolution for an accurate modelling. Instead, lower input 

requirements may be sufficient for the extraction of more developed organs due to 

their larger shape. 
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3.5. Conclusions 

This study evaluated the performances related to different combinations of 

quantity and quality of images for a SfM-based 3D reconstruction of multi-species 

potted plants using a low-cost and automatic phenotyping platform equipped with a 

conventional photographic camera. The results provided evidence of the platform’s 

usefulness in representing the geometrical plant structure of each species considered, 

obtaining a reasonable compromise between time-processing and accuracy. Based 

on the case study, 30 images at 4.88 µm/pixel resolution resulted in the best input 

combination to efficiently reconstruct the whole shape of both herbaceous (i.e., 

maize and tomato) and tree plants (i.e., olive tree). However, we detected more time-

saving strategies in terms of image quantity and quality to be applied when the use 

of the platform is aimed at the extraction of single parameters in herbaceous and tree 

crops. Solely the reconstruction of maize and olive tree stem diameters required an 

unrealistic processing-time for a practical application, whereas some improvements 

are needed for leaf area estimation at a higher level of detail. Accordingly, future 

efforts should focus on testing alternative image acquisition strategies, such as 

increasing the height and angle of the camera’s viewpoints and/or combining 

different sensors (e.g., Visible-Near Infrared spectroscopy). Moreover, the 

promising approximations in more complex traits’ extraction obtained in this study 

suggest that further 3D phenotyping tests should be conducted by processing 

between 45 and 90 images. 

Nevertheless, the development of algorithms for automatic plant segmentation 

and morphometric traits’ extraction could effectively represent a time-saving 

solution in the future. On these bases, the platform might be useful for a low-cost 

and fast phenotyping of several plants simultaneously, regardless of the species 

considered. The promising results obtained in this study for a 3D reproduction of 

plant parameters highlighted that our platform represents an ideal system for further 

phenotyping applications. Indeed, the reliable 3D plant reconstruction and accurate 

estimation of vegetative parameters (i.e., plant height, leaf inclination and leaf angle) 

may be used for identifying the onset of biotic and abiotic stresses which are proxies 

for limitations in plant growth and production. In particular, upgrades of the current 

setup with sensors’ implementation may improve the low-cost and high-precision 

comprehensive analysis of plant responses to exogenous perturbations at the single-

organ scale.
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Highlights 

 

• A novel algorithm for the automated segmentation of plant 3D-models is 

proposed; 

• 95.74% of the plant limbs were correctly segmented throughout the 

experiment; 

• The algorithm was used in a trial to identify traits associated with the onset 

of water stress; 

• Daily plant growth was the most responsive trait to early water stress in 

tomato; 

• Slow-growing canopy could be a proxy for breeding drought tolerant 

tomatoes. 

ABSTRACT: High-throughput plant phenotyping requires integrated image-based 

tools for automated and simultaneous quantification of multiple morphological and 

physiological traits, which are valuable indicators of plant sensitivity to limiting 

environmental conditions. In this study, we proposed a novel segmentation algorithm 

for the automatic collection of plant structural parameters based on three-

dimensional (3D)-modeling obtained through a phenotyping platform and a 

Structure from Motion (SfM) approach. The algorithm was initially tested on a 3D-

reconstruction of four potted commercial tomato cultivars, namely “Saint Pierre” 

(S), “Costoluto Fiorentino” (C), “Reginella” (R), and “Gianna” (G) for the 

identification of the main phenotypic plant traits (heights, angles and areas). The 
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results pointed out that the proposed algorithm was able to automatically detect and 

measure the plant height (R2̅̅ ̅ = 0.98, RMSE̅̅ ̅̅ ̅̅ ̅̅  = 0.34 cm, MAPE̅̅ ̅̅ ̅̅ ̅̅  = 3.12% and AIC̅̅ ̅̅ ̅ = 

6.03), petioles inclination (R2̅̅ ̅ = 0.96, RMSE̅̅ ̅̅ ̅̅ ̅̅  = 1.35 deg°, MAPE̅̅ ̅̅ ̅̅ ̅̅  = 3.64% and AIC̅̅ ̅̅ ̅ 

= 22.16), single-Leaf Area (R2̅̅ ̅ = 0.98, RMSE̅̅ ̅̅ ̅̅ ̅̅  = 0.95 cm2, MAPE̅̅ ̅̅ ̅̅ ̅̅  = 7.40% and AIC̅̅ ̅̅ ̅ 

= 14.91) and single-leaf angle (R2̅̅ ̅ = 0.84, RMSE̅̅ ̅̅ ̅̅ ̅̅  = 1.43 deg°, MAPE̅̅ ̅̅ ̅̅ ̅̅  = 2.17% and 

AIC̅̅ ̅̅ ̅ = 15.83). As a study case, the algorithm was applied for monitoring plant’s 

dynamic responses to early water stress, measured according to Fraction of 

Transpirable Soil Water (FTSW), of the same tomato varieties, grown in pots, during 

20 consecutive days under three treatments (full-irrigation, 50% deficit irrigation and 

no-irrigation). The results showed that for R and G cv., plant height was the 

phenotypic trait most sensitive to water stress (plant growth inhibition at 0.58 of 

FTSW value), while Total Leaf Area and transpiration rates started to be affected at 

lower FTSW (0.52 and 0.40, respectively). Conversely, S and C cv. did not exhibit 

any significant change in phenotypic traits under analysis, likely because these 

varieties exhibited a slow growth rate, allowing them to consume less water and 

therefore not reach a water stress threshold. The results indicated that plant height 

trait might be used in subsequent analyses to facilitate the rapid identification of 

tomato varieties resistant to water stress, thus enhancing crossbreeding programmes. 
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4.1. Introduction 

The monitoring of plant responses to different environments is the main 

challenge of modern breeding programmes. Despite improvements in next-

generation sequencing having rapidly offered unlimited resources for functional 

genomics, more efforts and information are required for the systematic quantification 

of agronomic traits involved in the expression of phenotypes under both biotic and 

abiotic factors (Yang et al., 2020). For this reason, the acquisition of high-throughput 

phenotypic (HTP) data at high-resolution has become a key factor to investigate 

plant performances under environmental challenges and numerous approaches have 

been proposed to highlight the traits most affected. 

HTP data acquisition technologies based on two-dimensional (2D) non-invasive 

imaging ensure the continuous monitoring of plant growth cycle through the periodic 

acquisition of agronomic traits simultaneously captured by a range of sensors (e.g., 

red, green and blue (RGB) cameras) on a large number of plants (Du et al., 2021; 

Pratap et al., 2019). However, phenotypes derived from 2D images are incomplete 

due to the complex structure of plants which requires three-dimensional (3D) 

information to be fully explored (Gibbs et al., 2018). This information may be 

obtained by integrating Structure from Motion (SfM) and Multi-View Stereo (MVS) 

photogrammetric technologies that combine the ease of acquiring an object using a 

digital camera with a reconstruction of a detailed 3D model of it (Caruso et al., 2019; 

Moriondo et al., 2016; Yang and Han, 2020). The development of an algorithm that 

automatically segments the digital model of the plant is a further step that can 

accelerate the identification of phenotypic traits influenced by environmental 

variables (Rossi et al., 2020) and is a key requirement for efficient HTP data 

extraction at single-organ scale (Elnashef et al., 2019). 

In the last decades, new algorithms for the organ-scale segmentation of plant 3D-

models acquired by SfM-MVS imaging have been successfully applied in the 

extraction of relevant phenotypic information on several species, such as sunflower 

(Gélard et al., 2017b), maize (Li et al., 2022) and ornamental plants (Itakura and 

Hosoi, 2018). In this context, Paproki et al. (2012) and McCormick et al. (2016) 

developed a mesh-based segmentation approach to measure geometrical properties 
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(e.g., stem size and leaf area) of cotton and sorghum 3D-models at four time steps, 

respectively. However, the required mesh is not easily obtained from SfM-MVS 

imaging and manual corrections are necessary for performing the segmentation when 

portions of the 3D-model are not properly reconstructed, making a full automation 

of the phenotyping process unviable for longer time intervals (Gélard et al., 2017a). 

To address these drawbacks, Jin et al. (2018) proposed an oriented spherical regional 

growth algorithm for stem-leaf segmentation and phenotypic traits extraction that is 

not sensitive to noise or incompleteness of 3D-points directly acquired by Light 

Detection And Ranging (LiDAR) sensors on maize. However, this method requires 

specific prior knowledge of the plant geometry (i.e., stem diameter and size of the 

smallest leaf) with manual and software adjustments to be suitable for plants at 

different growth stages and extendable to other crop types. The full automation in 

HTP data extraction and analysis, instead, should enable phenotyping to be exploited 

for continuously screening dynamic processes such as plant growth, development 

and/or responses to environmental drivers at single-organ scale. For this reason, 

automated high-throughput phenotyping is particularly attractive for monitoring the 

eco-physiological responses of plants to soil water depletion, by quantifying traits 

that may be directly used by breeders to select, for example, more drought-tolerant 

cultivars (Humplík et al., 2015). 

Looking at these premises, the main aim of this work is to implement an image-

based algorithm integrated with an SfM-MVS platform that automates weighing and 

imaging, for fully automatic plant 3D-models segmentation of different phenotypic 

traits (plant height, petioles inclination, single-Leaf Area, Total Leaf Area and 

single-leaf angle). The potential application of the proposed algorithm in the 

evaluation of the morpho-physiological traits of commercial tomato cultivars 

(Lycopersicum esculentum L.) under different water deficit treatments (full-

irrigation, 50% deficit irrigation and no-irrigation) at early developmental stages is 

investigated for appropriately scheduling the water supply.   

4.2. Materials and methods 

4.2.1. Experimental design and data collection 

The experiment was conducted using a low-cost phenotyping platform described 

in Rossi et al. (2020) for automatic weight and 360° scan of potted plants. The system 

(Figure 4.1) consists of 9 rotary plates (Ø 15 cm) equipped with an automated 

weighing module (1000 g/0.01 g) for monitoring the dynamics of the single-plant’s 
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transpiration rate and a common RGB camera mounted on a sliding system for 

images acquisition synchronized with the movement of the stands. Aiming to 

increase the flexibility of the platform in monitoring several species and cultivars at 

different growth stages, a tilt regulator allows the height and angle of the camera’s 

viewpoints to be adjusted based on the targets’ size to be scanned.  

Four commercial tomato cultivars, namely “Saint Pierre”, S, “Costoluto 

Fiorentino”, C, “Reginella”, R and “Gianna”, G (36 plants in total, 9 for each 

cultivar), were used in this study. These varieties are distinguished by different 

morphological and agronomic characteristics which contribute to their adaptation to 

specific environmental conditions. The S and C cv. are late to medium-late growing 

varieties of the large heirloom “beefsteak” type, with high cold tolerance and 

constant water requirements. Instead, the R and G cv. are early to very-early tomato 

varieties, belonging to the "camone" and “cherry” families, respectively. The F1 

hybrid R cv. is characterized by vigorous plants adaptable to high temperatures and 

adequately irrigated saline soils, while the moderately vigorous plants of G cv. are 

less water demanding. The number of samples used in this work is consistent with 

that of similar image-based phenotypic studies for early detection of abiotic stresses 

in potted plants (Duan et al., 2018; Mazis et al., 2020; Srivastava et al., 2017).    

Tomato plants were sown in 36 plastic pots (12.00 cm x 10.50 cm in diameter 

and height, respectively) filled with approximately 2/3 of commercial topsoil and 1/3 

of sand (Figure 4.1). In order to minimize substrate losses, each pot was coated on 

the bottom with a breathable anti-leaching layer of tulle. The initial weight of 

samples at field capacity (FCW) was measured 3 hours after a full-irrigation. The 

seedlings were then transferred to a heated growing chamber for 20 to 32 days under 

controlled temperature of 27 ± 1.5 °C and 24h/day lighting conditions (Osram Fluora 

L 36W/77 fluorescent lamps at 1400 Lumen; OSRAM Licht AG®, Munich, 

Germany) and watering to soil saturation every two days. At the 12th phenological 

stage of the Biologische Bundesanstalt, Bundessortenamt und CHemische Industrie 

(BBCH) scale, corresponding to the 2nd leaf on main shoot unfolded, each pot was 

sealed at the top with a layer of masking tape to avoid water-losses by evaporation 

from soil surface.  

Subsequently, three water-treatment groups were randomly applied to each 

tomato seedling cultivar (3 plants per cultivar; Table 4.1): (a) full-irrigation (T100), 

maintaining the FCW by watering every two days; (b) 50% deficit irrigation (T50), 

distributing half the water consumed in the previous 48 h; and (c) no-irrigation (T0), 

without watering. The treatments were distributed using a graduated syringe (50 ml/1 

ml) before the single-plant scanning by the low-cost phenotyping platform.  
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Figure 4.1. Schematic representation of experimental setup for automatic weighing and 

imaging of potted plants by the low-cost phenotyping platform. 

The platform was used to automatically weigh and scan all 36 tomato plants from 

the 12th BBCH growth stage and for 20 consecutive days. In order to minimize the 

effects of the environment on phenotype, the 9 seedlings of each treatment group 

were manually transferred from the growth chamber to the rotary plates daily from 

8:00 AM to 14:00 PM for weighing (𝑊𝑛) and watering. For each plant, a sequence 

of 60 images (stand’s regular steps of 6 deg°) at 4.88 μm/pixel spatial resolution 

were immediately collected after treatment mounting a Nikon® D810 36.3-

megapixel digital camera (Nikon Corporation®, Minato, Tokyo, Japan) on the 

platform, equipped with a Nikon® AF-S DX NIKKOR 35 mm f/1.8G lens (Nikon 

Corporation®, Minato, Tokyo, Japan) and set with manual exposure mode. Uniform 

lighting conditions were guaranteed throughout the experiment by two cool-white 

(5500 K) neon lamps, while a black panel was placed behind the scene to cover 

objects in the background. To prevent parts of the plants from being out of the frame 

during the growing cycle, the camera viewpoint (Rt) was corrected every day by 

manually adjusting the tilt regulator and registered (decreasing inclination ranging 

from 5 deg° to 15 deg°). The scene also included a Rubik’s cube with known 

dimensions (3x3 cm/edge) placed on a fixed position of the pot as reference for 

successive plant’s 3D coordinates (xyz) extraction, following Yang and Han (2020). 

At the end of monitoring, the plant height (PH), petiole inclination (PI) and 

single-leaf angle (LI) were manually extracted on the ImageJ® imaging software 

(https://imagej.nih.gov/ij/) and averaged from three acquired images of each plant 
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and used as ground truth to calculate the accuracy in both length and angle 

disclosure. The measurement of such traits was conducted in ImageJ® following the 

standard Levelled Digital Photography (LDP) approach to avoid altering the 

arrangement of individual organs within the canopy through more invasive manual 

surveys (Chianucci et al., 2018; Fahlgren et al., 2015; Zou et al., 2014). Meanwhile, 

the leaves of each plant were initially detached and photographed orthogonally on a 

gridded surface as reference for the actual individual-Leaf Area (LA) and Total Leaf 

Area (TLA) measurement on ImageJ® (Jianchang et al., 2011) and the single plants 

were sectioned to obtain the fresh weight of leaves, main stem and petioles, and roots 

using a precision balance (1000/0.001 g; Radwag®, Radom, Poland). Finally, the dry 

weight of leaves, main stem, petioles and roots was obtained by drying each sample 

in the oven at 50 °C for 72 h. 

Table 4.1. Average weight at field capacity (FCW) in grams (g) of “Saint Pierre” (S), 

“Costoluto Fiorentino” (C), “Reginella” (R) and “Gianna” (G) tomato samples subjected to 

full-irrigation (T100), 50% deficit irrigation (T50) and no-irrigation (T0; 9 samples for each 

cultivar, 3 per treatment) starting from Day After Sowing (DAS) corresponding to 12th BBCH 

growth stage. 
a 

4.2.2. Three-dimensional reconstruction and processing model 

segmentation 

The images acquired during the 20 days of monitoring were processed to obtain 

a 3D-dense point cloud (DPC) model of each plant, according to a Structure from 

Motion (SfM)-based procedure. Firstly, the background was automatically removed 

via a colour thresholding approach in the MATLAB® environment (The MathWorks 

Inc.®, Natick, MA, USA). Secondly, masked images were aligned for DPC 

generation with Agisoft PhotoScan Professional® (ver. 1.4.1; Agisoft LLC®, St. 

Petersburg, Russia) software. Finally, outlier points were cleaned by Agisoft 

PhotoScan Professional® built-in filtering algorithm. 

4.2.3. 3D-model segmentation 

An innovative feature-based algorithm for automatic plant segmentation was 

developed and applied on each DPC of 36 tomato plants during the 20 days of 

Cultivar N Samples T100FCW T50FCW T0FCW DAS 

S 9 642.30 647.07 635.57 32 

C 9 686.17 694.87 649.17 24 

R 9 722.03 731.45 706.37 34 

G 9 702.60 665.33 610.40 20 
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monitoring (720 plant 3D-models in total) for canopy architecture extraction. The 

algorithm was built in the MATLAB® environment aiming to (a) classify the main 

stem, petioles and single-leaf and (b) detect plant and organs’ heights, angles and 

areas. With the purpose of (c) monitoring the morphological responses of tomato to 

different water treatments for the early detection of water stress, in this study the 

algorithm was focused on the plant height (𝑃�̂�), petiole inclination (𝑃�̂�), single-Leaf 

Area (𝐿�̂�), Total Leaf Area (𝑇𝐿�̂�) and single-leaf angle (𝐿�̂�) extraction.  

The overall workflow for single-plant phenotyping requires a limited number of 

inputs and is divided into the following 4 main steps (Figure 4.2, S4.1 and S4.2). 

Orientation and scaling 

The starting point of this methodology is the recovery of the scene’s orientation 

and scale. The algorithm takes as input the plant’s point cloud and camera tilt value 

for the automatic alignment of the z-axis along the main stem. In particular, the 

original y-axis and z-axis coordinates of each point in the model are converted using 

a spatial rotation around the x-axis (Equation (4.1) and (4.2), respectively). 

𝑦′ = 𝑦 ∗ cos(𝑅𝑡𝑛 − 270) − 𝑧 ∗ sin(𝑅𝑡𝑛 − 270) (4.1) 

𝑧′ = 𝑦 ∗ sin(𝑅𝑡𝑛 − 270) + 𝑧 ∗ cos(𝑅𝑡𝑛 − 270) (4.2) 

where y and z are the original y-axis and z-axis coordinates of the model, respectively and Rt 

is the camera tilt values at the n-day of scanning. 

Secondly, the Rubik’s cube is segmented from the DPC using a colour 

thresholding approach and processed with a RANdom SAmple Consensus 

(RANSAC) method. This function computes the best fitting cuboid on the 3D points 

and returns the estimated coordinates of vertices. Finally, the average straight-line 

distance in the Euclidean space between the closest fitted vertices (𝑑′) is used for 

retrieving the actual size of the whole model by scaling the xyz-points (Equation 

(4.3)). 

𝑥𝑦𝑧𝑠 = x𝑦𝑧 ∗  
𝑑

𝑑′
 (4.3) 

where xyz are the oriented x-axis, y-axis and z-axis coordinates of the model, and d and 𝑑′ 

are the actual (in this study d = 3 cm) and simulated length of the Rubik’s cube edge, 

respectively. 

At this point, the cube used for the sizing process is removed from the xyzs 

model.  
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Figure 4.2. Algorithm workflow for automatic plant 3D-model phenotyping and single-

organ growth monitoring. See Figure S4.1 and S4.2 for more details. 
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Main stem and petioles segmentation 

The actual shape of the main stem is fitted by considering all xyzs-points included 

in a sphere with a variable radius that climbs along the z-axis from the bottom of the 

plant, following Gélard et al. (2017a; 2017b). To meet the need for an algorithm 

adaptable to the geometrical variations of the stem during the growth cycle, the initial 

radius of the sphere (rsp1) is automatically estimated for each model by extracting 

half of the average stem diameter between 1 cm and 3 cm. The portion of the stem 

below 1 cm was not considered in this computation to avoid errors from inaccurate 

3D reconstruction (e.g., unusual stem thickness and/or obstruction by pot, Golbach 

et al. 2016), while the erroneous selection of other organs (e.g., cotyledonary leaves) 

was solved applying a clustering filter. In particular, the subsampled points were 

grouped based on a minimum Euclidean distance value of 0.50 cm (Das Choudhury 

et al., 2020) and considered outliers as long as they fall outside the larger cluster, 

i.e., the cluster containing solely the points of the stem. The centroid of the sphere 

(csp) is automatically fitted to the centre of the stem by calculating the midpoint of 

all the xyzs-points enclosed into two rings (radius = rsp1 and height = 
𝑟𝑠𝑝1

2
 ) built at  

𝑟𝑠𝑝1

2
 and 

3∗𝑟𝑠𝑝1

2
 from the bottom of the plant, respectively.  

Then, the value of the three ordered eigenvalues (λ0 ≤ λ1 ≤ λ2) resulting from the 

local principal component analysis (PCA) of the k-neighbouring points around the 

centroid (csp) of the sphere is retrieved for stem classification. Assuming that a 

roughly planar distribution of the k-points is described by a λ0 much smaller than λ1 

≅ λ2 (Moriondo et al., 2016), we used the ratio between λ0 and λ1 ≅ λ2 as an indicator 

for the coexistence of stem and other organs (i.e., petiole and/or leaf) in the same 

neighbouring frame. Through a trial experiment on half of the plant models 

considered in this study, we found that a value of λ0 up to 10 times smaller than λ1 ≅ 

λ2 discriminates a set of k-points belonging exclusively to the stem. Accordingly, the 

k-neighbouring points around csp are segmented as stem when this condition is met. 

Contrariwise, a further test is conducted to avoid misinterpretation due to a partial 

reconstruction of the plant (missing points). Specifically, csp is moved by 2*rsp1 along 

the z-axis in order to overcome the potential break in the stem point cloud and a new 

PCA-based analysis is computed on the j-neighbouring points. If the condition of 

10*λ0 ≤ λ1 ≅ λ2 is satisfied, the k-neighbouring points are segmented as stem and the 

sphere moves upward by 
𝑟𝑠𝑝1

2
 (Figure 4.3a).  

At each shift of the sphere on the vertical axis, a normal constraint is computed 

to fit the sphere well to the curvature of the stem. In particular, the normal vector 

between the midpoints of the xyzs-points enclosed in two rings (radius = rsp1 and 
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height = 
𝑟𝑠𝑝1

2
) at the lower and upper limits of the sphere (Figure 4.3b) is used to 

readjust the centroid (csp) along the stem (Figure 4.3c). In the case of anomalous 

inclination with respect to the y- and z-axes, the stem segmentation process is 

interrupted to avoid trespassing on leaves.  

In order to take into account the shrinkage of stem diameter between the 

hypocotyl and epicotyl in tomato seedlings (Ohtaka et al., 2020), a radius reduction 

factor is automatically calculated and applied to rsp1  when the first sphere above the 

hypocotyl is built, following Equation (4.4). Pertinently with the low variability of 

the epicotyl diameter in tomato samples, all the spheres above the cotyledons have 

frsp as invariable radius. 

𝑓𝑟𝑠𝑝 =
(𝐸 𝑟𝑠𝑝1⁄ )

𝑛𝑒
∗

𝑟𝑠𝑝1

1 + [
𝑟𝑠𝑝 − 𝑎𝑏𝑠(𝑟𝑠𝑝3 − 𝑟𝑠𝑝2)

(2 𝑟𝑠𝑝1⁄ )
]

 
(4.4) 

where E is the Euclidean distance between the centroid of the sphere (csp) and the lowest 

point of the stem, ne = 1 or 5 if E < 2 cm or ≥ 2 cm, respectively and rsp2 and rsp3 are half of 

the average stem diameter extracted between 1 cm and 2 cm and between 2 cm and 3 cm, 

respectively.  

Accordingly, the fusion of all the spheres well fitted to the curvature of the z-

axis allows the set of xyzs-points corresponding to the actual main stem to be 

segmented.  

While the sphere climbs along the z-axis, a spherical shell with an inner radius 

frsp and an outer radius 𝑓𝑟𝑠𝑝 +
𝑓𝑟𝑠𝑝

2
 is built around the centroid (csp) for identifying 

any petioles. The points falling inside the surrounding shell are clustered according 

to a minimum Euclidean distance value of 0.50 cm (Das Choudhury et al., 2020) and 

the petiole insertion (ppi) is identified as the midpoint of the neighbouring points 

around the segment joining csp to the midpoint of each cluster (pb). In the event that 

a single petiole is localized by several n-pb, ppi is extracted as the average of the 

relevant n-ppi. Once the main sphere reaches the apex of the plant, the xyzs -points 

segmented as stem are removed from the model and the rest (corresponding to 

petioles and leaves) are clustered based on their Euclidean minimum distance (0.50 

cm; Das Choudhury et al., 2020). 

Each ppi is associated with the closest cluster and extended for the single-petiole 

segmentation. Specifically, the diameter (db) and normal direction (�⃗�𝑏) of the points 

enclosed in a sphere with centroid ppi and radius 0.20 cm (according to standard  
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Figure 4.3. Schematic representation of stem segmentation methodology: (a) the sphere 

climbs along the z-axis and (b) the normal vector between two rings is computed for (c) 

sphere reorientation according to the curvature of the stem point cloud. 

petiole radius of tomato seedlings, Ursin and Bradford 1989) are automatically 

calculated. Then, db is resized in order to avoid overflow on lateral leaves during the 

petiole segmentation (rb; Equation (4.5)).                                            

𝑟𝑏 =
𝑑𝑏

1 + [(
𝑟𝑠𝑝1 − 𝑎𝑏𝑠(𝑟𝑠𝑝3 − 𝑟𝑠𝑝2)

(2 𝑟𝑠𝑝1⁄ )
) ∗

1
𝑗

]

 
(4.5) 

where j may vary based on the species considered (in this study j = 4.5). 

Similarly to the stem classification, the petiole is segmented by considering all 

the remaining points of the model included in a sphere with radius rb that moves by 

�⃗�𝑏 from ppi. The sphere is properly fitted to the petiole profile by orienting its 

centroid based on the vector between the midpoints of the xyzs-points enclosed in 

two rings (radius = rb and height = 
𝑟𝑏

20
, considering the minimum variation in 

curvature of a standard tomato petiole; Chen et al., 2014) at its lower and upper 

limits. At each step, the coherence of the sphere inclination is tested as well as the 

eigenvalues resulting from the PCA-based analysis on the l-neighbouring points 

around ppi. The combined selection of petiole and leaf in the same subset is avoided 

by excluding scattered points with a further shape constraint (λ0 ≅ λ1 ≅ λ2, Moriondo 
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et al., 2016). To this end, the l-neighbouring points are segmented as petiole when 

both the conditions 10*λ0 ≤ λ1 ≅ λ2 and 2*λ0 ≥ λ1 ≅ λ2 are satisfied. Finally, each 

petiole is ordered based on the straight-line distance between its insertion and the 

lowest point of the stem. 

Single-leaf segmentation 

In the third step, all the leaves inserted on the same petiole are separated 

according to a minimum Euclidean distance value of 0.50 cm (Das Choudhury et al., 

2020) and numbered in ascending order from the apex to the petiole insertion point 

on the stem (ppi). Errors derived by the n-overlapping leaves associated to several ppi 

were solved by separating the n-clusters and matching the closest insertion point so 

that the actual phyllotaxy is retrieved and a single-leaf monitoring is viable. Aiming 

to extract the Leaf Area (𝐿�̂�) and Total Leaf Area (𝑇𝐿�̂�), the points affected as 

petioles are removed from the xyzs-model and leaves separately segmented.  

Afterwards, the resulting segmentation of each organ was visually verified (and 

manually corrected when necessary) to ensure high integrity and to define the 

accuracy, robustness and generalization ability of the presented methodology based 

on the number of correct (True Positive), missed/incomplete (False Negative) and 

incorrect (False Positive) detections. 

4.2.4. Phenotypic data extraction 

Once the single-organs have been correctly segmented from the model, the plant 

height (𝑃�̂�), petiole inclination (𝑃�̂�), single-Leaf Area (𝐿�̂�), Total Leaf Area (𝑇𝐿�̂�) 

and single-leaf angle (𝐿�̂�) are automatically measured. In particular, 𝑃�̂� is retrieved 

as the straight-line distance in the Euclidean space between the lowest and highest 

points of the segmented stem. 𝑃�̂� is calculated as the angle spanning from the zenith 

to the hypothetical fitted plane of the petiole. A 3D α-shape of each leaf point cloud 

is computed for 𝐿�̂� extraction while the plant 𝑇𝐿�̂� is derived as the sum of the 

individual 𝐿�̂�s. Finally, the angle between the zenith and the vector normal to the 

plane centred on the single-leaf centroid is obtained for 𝐿�̂� measuring.  

For each plant model, a statistical outlier detection was performed on data 

extracted during all 20 days of monitoring. At leaf-level, a specific subset of the most 

stable leaves (from the 1st (L1) to the 5th (L5) true leaves) was selected, assuming 

that the youngest leaves did not contribute strongly to plant physiological processes 

(Gélard et al., 2017a). The Interquartile Range (IQR), defined as the difference 

between the upper (Q3) and lower (Q1) quartile of the input data, was calculated and 
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any value of each phenotypic trait smaller than 𝑄1 − (1.5 ∗ 𝐼𝑄𝑅) or greater than 

𝑄1 + (1.5 ∗ 𝐼𝑄𝑅) was replaced with the average value measured on the previous 

and following days (Tukey, 1977). 

4.2.5. Plant growth phenotyping 

After model segmentation, the proposed methodology was applied on the 

extracted data to monitor the morpho-physiological variations of tomato plants 

triggered by the three water treatments (full-irrigation, 50% deficit irrigation and no-

irrigation) for the early detection of water stress.  

Plant growth analysis 

In order to synchronize and compare the growth trend of all the phenotypic traits, 

the dates of growing stages for each organ were recorded. In particular, the 𝑃�̂� and 

𝑇𝐿�̂� development was evaluated in relation to the common age of the plants (i.e., 

Days After Sowing (DAS)), while the 𝑃�̂�, 𝐿�̂�, and 𝐿�̂� dynamic patterns were referred 

to the appearance time of individual leaves/petioles on the main stem (i.e, Days After 

Emergence (DAE)) so as to remove the phyllochron differences between samples. 

Plant growth was analysed through a piecewise regression fitted to the daily value 

of 𝑃�̂�, 𝑇𝐿�̂�, 𝑃�̂�, 𝐿�̂�, and 𝐿�̂� to detect significant variations (break-points, Ks) in the 

development of these phenotypic traits (Muggeo, 2020). In particular, a piecewise 

linear function with a specified maximum number of break-points (Kmax = 2) was 

fitted on the linear segments to assess threshold values when changes in growth rate 

occur (Equation (4.6)). The p-value for each estimated interval was obtained via the 

score statistical test using the nominal level α = 0.05 (Muggeo, 2017).  

𝑦 = {
𝑎1 + 𝑏1𝑥 + 𝜀, 𝑓𝑜𝑟 𝑥 < 𝐾𝑛

𝑎2 + 𝑏2𝑥 + 𝜀, 𝑓𝑜𝑟 𝑥 > 𝐾𝑛
 (4.6) 

where 𝑦 is 𝑃�̂� or 𝑇𝐿�̂� when 𝑥 is the Day After Sowing (DAS) and 𝐵�̂�, 𝐿�̂� or 𝐿�̂� when 𝑥 is 

the Day After Emergence (DAE), 𝑎𝑖 and 𝑏𝑖 (i = 1, 2) are the intercept and slope of the sub-

functions, respectively, 𝜀 is the error term and 𝐾𝑛 is the resulting breakpoint-n (𝑛 = {1,2}).  

Dynamic morpho-physiological responses to soil water availability 

Daily growth in height (cm) and leaves area development (cm2) rates of each 

plant were derived as the difference in 𝑃�̂� and 𝑇𝐿�̂� between successive days, 

respectively, while the daily transpiration rate (𝑇�̂�; g/cm2) was obtained by dividing 

the plant water loss (g) by 𝑇𝐿�̂�. To minimize the effects of environmental 
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fluctuations, the 𝑃�̂�, 𝑇𝐿�̂� and 𝑇�̂� rates were firstly processed using a 3-day moving-

average function and further normalized by dividing daily mean rates obtained for 

stressed plants by daily mean rates of control plants (Sinclair and Ludlow, 1986). 

The second normalization was denoted as the relative plant growth in height (rPH), 

relative leaves development (rTLA) and relative transpiration (rTR), respectively.  

Soil water supply was then calculated as the Fraction of Transpirable Soil Water 

(FTSW) from Equation (4.7) (Ray and Sinclair, 1997). In particular, each pot was 

weighed (even after 20 days of monitoring when necessary) until reaching the end-

point of relative transpirable water (rTR = 0.10), as recommended by Sinclair and 

Ludlow (1986). 

𝐹𝑇𝑆𝑊 =
𝑊𝑛 − 𝑊𝑓

𝐹𝐶𝑊 − 𝑊𝑓

 (4.7) 

where 𝑊𝑛 is the daily pot weight (g) recorded on the morning of the n-day, 𝑊𝑓 is the pot 

weight (g) on the day when rTR reached 0.10 and 𝐹𝐶𝑊 is the pot weight (g) at field capacity.  

Subsequently, the morpho-physiological responses of individual plants to water 

treatments were determined by considering rPH, rTLA and rTR rates as a function 

of water-deficit in each pot (Equation (4.8); Bindi et al., 2005). Negative rTLA values 

resulting from leaf shedding at advanced growth stages were not included in the 

model (Arvidsson et al., 2011). As evidence of water stress, the value of the FTSW 

threshold for rPH, rTLA and rTR was estimated when significant changes occurred 

in plant growth (breakpoints, Kmax = 2 and α = 0.05).  

𝑦 =
1

(1 + 𝑎 ∗ 𝑒[𝑏∗𝐹𝑇𝑆𝑊])
 (4.8) 

where y is rPH, rTLA or rTR variable and a and b are empirical coefficients estimated by 

non-linear regression analysis. 

Finally, the significance of difference between the regression coefficients 

estimated by non-linear regression analysis within tomato cultivar pairs was 

determined (Equation (4.9), Paternoster et al., 1998) to test their behavioural 

similarities under water stress conditions.  

𝑍 =
𝑐𝑓𝑐𝑣1

− 𝑐𝑓𝑐𝑣2

√(𝑆𝐸𝑐𝑓𝑐𝑣1
)

2

+ (𝑆𝐸𝑐𝑓𝑐𝑣2
)

2
 

(4.9) 

where 𝑐𝑓𝑛 is the empirical regression coefficient (a or b) estimated by Equation (4.8) for the 

first (cv1) and second (cv2) tested cultivars and (𝑆𝐸𝑐𝑓𝑛
)

2
 is the coefficient variance associated 

with the n-cultivar. 
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4.2.6. Statistical analysis 

Three commonly used metrics, including Recall (Equation (4.10)), Precision 

(Equation (4.11)) and F-score (Fs, Equation (4.12)), were computed to 

comprehensively assess the accuracy of segmentation results at single-organ level 

(Li et al., 2019). 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
∗ 100 

 

(4.10) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
∗ 100 

 

(4.11) 

𝐹𝑠 =
2 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

(𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)
 

 

(4.12) 

where the True Positive (TP) represents the number of organs (stem, petioles or 

leaves) correctly segmented in an individual plant, the False Negative (FN) refers to 

the totally or partially unsegmented organs (more than 70% points of the actual stem, 

petiole or leaf not retrieved) and the False Positive (FP) denotes the number of 

multiple organs wrongly segmented by the same region. 

Moreover, the performances of the algorithm were evaluated with the coefficient 

of determination (R2, Equation (4.13)), the Root Mean Squared Error (RMSE, 

Equation (4.14)), the Mean Absolute Percentage Error (MAPE, Equation (4.15)) and 

the Akaike information criterion (AIC, Equation (4.16)) between the observed and 

simulated measurements. Finally, a t-test was used to examine the growth means’ 

differences between the water treatments on each day of monitoring and the resulting 

p-value <= 0.05 was considered significant.  

R2 =  
∑ (𝑂𝑖 − 𝑃𝑖)

2𝑛
𝑖=1

∑ (𝑂𝑖 − �̅�)2𝑛
𝑖=1

 (4.13) 

RMSE =  [∑
(𝑃𝑖 − 𝑂𝑖)

2

𝑛

𝑛

𝑖=1

]

0.5

 (4.14) 

MAPE =
1

𝑛
∑ |

𝑂𝑖 − 𝑃𝑖

𝑂𝑖

∗ 100|

𝑛

𝑖=1

 (4.15) 

AIC = 2𝑘 − 2 ln(�̂�) (4.16) 
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where Oi is the observed value-i, �̅� is the average of the observed values, Pi is the simulated 

value-i, n is the number of observations, k is the number of estimated parameters in the model 

and �̂� is the maximum value of the likelihood function for the model. 

4.3. Results 

4.3.1. Automatic organ-level segmentation 

The effectiveness of the proposed algorithm in dissecting the plant 3D-model 

between individual limbs (i.e., stem, petioles and leaves) was quantitatively 

demonstrated (Table S4.1). During the 20 days of monitoring, the segmentation 

results of all 36 tomato plants (720 DPCs in total) achieved an average Recall, 

Precision and Fs of 94.48%, 97.55% and 95.74%, respectively. The accuracies were 

robust in different cultivars (S, C, R and G), water treatments (T0, T50 and T100) 

and growth stages. In particular, the algorithm completely partitioned 100% of the 

stem organs, demonstrating its applicability to plants of different heights. At petiole 

level, the lowest overall accuracy appeared at the thinner structures in the upper parts 

of the late-growing canopies. Accordingly, the methodology yielded relatively worse 

results for S and C cv. (mean Fs ≤ 88.76%) than for R and G cv. plants (mean Fs ≤ 

91.31%). In this context, the amount of FN petioles differed greatly from S and C 

cv. (mean Recall of 70.01% and 82.21%, respectively) to R and G cv. samples (mean 

Recall of 91.21% and 90.90%, respectively), as opposed to negligible FP errors 

(Precision ≥ 91.45%, on average). Moreover, the proposed method achieved great 

accuracies for leaves segmentation (Recall = 99.86% and Fs = 98.22%, on average), 

recording some FPs solely when overlapping surfaces between more developed 

organs occurred (Precision = 96.69%, on average).  

4.3.2. Automatic phenotypic traits extraction 

The overall high agreement (R2̅̅ ̅ = 0.94) and accuracy (MAPE̅̅ ̅̅ ̅̅ ̅̅  = 4.08%) between 

observed and automatically extracted morphometric traits at the most advanced 

growth stage provided further evidence of the algorithm’s robustness in phenotyping 

different tomato cultivars (S, C, R and G) subjected to full-irrigation (T100), 50% 

deficit irrigation (T50) and no-irrigation (T0; Figure S4.3). As detailed in Table 

S4.2, the proposed methodology was able to successfully reproduce specific 

parameters such as plant height (𝑃�̂�), petioles inclination (𝑃�̂�), singe-Leaf Area (𝐿�̂�) 

and single-leaf angle (𝐿�̂�) for each cultivar and treatment considered in this study. 

The 𝑃�̂� extracted from the 36-plant 3D-models showed high accuracies when 



Chapter 4. Implementation of an algorithm for automated drought phenotyping 

 

61 

 

compared to the relevant observed measurements (R2̅̅ ̅ = 0.98, RMSE̅̅ ̅̅ ̅̅ ̅̅  = 0.34 cm, 

MAPE̅̅ ̅̅ ̅̅ ̅̅  = 3.12% and AIC̅̅ ̅̅ ̅ = 6.03). At petiole level, a reliable 𝑃�̂� estimation was 

reached for a total of 137 completely segmented organs (R2̅̅ ̅ = 0.96, RMSE̅̅ ̅̅ ̅̅ ̅̅  = 1.35 

deg°, MAPE̅̅ ̅̅ ̅̅ ̅̅  = 3.64% and AIC̅̅ ̅̅ ̅ = 22.16), net of 16 FNs. Likewise, the 𝐿�̂� and 𝐿�̂� of 

153 sampled leaves properly matched the ground truth (R2̅̅ ̅ = 0.98 and 0.84, RMSE̅̅ ̅̅ ̅̅ ̅̅  

= 0.95 cm2 and 1.43 deg°, MAPE̅̅ ̅̅ ̅̅ ̅̅  = 7.40% and 2.17%, AIC̅̅ ̅̅ ̅ = 14.91 and 15.83, 

respectively), reporting some missing data due to leaf shedding under T100, T50 and 

T0 treatments (3, 11 and 13 fallen leaves, respectively). 

4.3.3. Water stress detection 

Automatic monitoring of phenotypic responses to water treatments 

The proposed algorithm was applied in evaluating the morphological responses 

of tomato plants to 50% deficit irrigation (T50) and no-irrigation (T0). Results 

suggested that the tested cultivars (S, C, R and G) were not equally affected by the 

water treatments, as indicated by the evolution of their 𝑃�̂� and 𝑇𝐿�̂� (Figure 4.4), 𝑃�̂� 

(Figure S4.4), 𝐿�̂� (Figure S4.5) and 𝐿�̂� (Figure S4.6). The changes in the 

morphology of plants subjected to T50 revealed no significant effect of this treatment 

on S cv., whereas slowdowns in the canopy development were detected solely for 

the C cv. samples at later growth stages (Figure 4.4). Contrariwise, the evolution of 

R and G cv. plants appeared to benefit from 50% deficit irrigation compared to T100 

conditions. Similarly, the growth of S cv. plants seemed to be not influenced by T0 

treatment, while appreciable differences were visible in C cv. phenotypes only in the 

last days of monitoring. The R and G cv. tomatoes appeared the most susceptible to 

no-irrigation, resulting in different morphological responses between T0 and full-

irrigation (T100) treatments. Taken together, the T0 treatment displayed the greatest 

negative effects on plant development compared to T100.  

Particularly, the 𝑃�̂� and 𝑇𝐿�̂� (Figure 4.4) showed significant differences (p ≤ 

0.05) in the growth change rate imposed by no-irrigation compared to the other 

phenotypic traits (Figure S4.4, S4.5 and S4.6). The influence of T0 treatment on C 

cv. induced a strong decrease in the growth rate starting from ~ 33 DAS onwards, 

exacerbating the difference in 𝑃�̂� with plants under T100 from 40 to 43 DAS 

(average value 18.37% lower in non-irrigated plants). The lower values of 𝑃�̂� under 

T0 occurring until 28 DAS could be attributed to the starting conditions of a 

disadvantaged subsample of tomatoes, which were recovered during the first days of 

growth. Similarly, the 𝑇𝐿�̂� trend flexed due to the loss of 2 (33 DAS) to 4 (43 DAS) 
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true leaves from samples (Figure S4.5) by reaching a value 37.02% lower than in 

fully irrigated plants. In particular, the detachment of L1 and L2 primarily 

contributed to the decline of 𝑇𝐿�̂� under T0, while a slight delay (1 to 6 days) in the 

emission of the upper leaves was recorded. Results on R and G cv. revealed high 

heterogeneity of morphometric traits as influenced by no-irrigation. The 𝑃�̂� of R cv. 

specimens was inhibited by T0 treatment at ~ 43 DAS, reaching significantly lower 

values than fully irrigated plants from ~ 46 DAS onwards (p ≤ 0.05; average in 𝑃�̂� 

differences of 19.12%). Simultaneously, the 𝑇𝐿�̂� of non-irrigated tomatoes 

decreased after ~ 43 DAS with a sharp decline from ~ 46 to 52 DAS, in contrast to 

plants under T100 (p ≤ 0.05; difference in 𝑇𝐿�̂� ranging from 15.38% to 50.18%). In 

particular, no-irrigation treatment negatively affected the development of 𝐿�̂� already 

from ~ 10 (L3 and L4), 11 (L5) and 13 DAE (L1 and L2; Figure S4.5), leading to 

detachment of the oldest leaves (L1-L3) from samples. The G cv. plants grew at 

similar rates until ~ 31 DAS, with an average difference in 𝑃�̂� of 1.48 cm between 

T0 and T100 treatments. Thereafter, the height of non-irrigated tomatoes was lower 

(p ≤ 0.05; average in 𝑃�̂� differences of 73.76%), reaching the maximum deviation 

in the last 5 days of monitoring. The 𝑇𝐿�̂� was very similar between plants under T0 

and T100 before ~ 32 DAS. Subsequently, the leaves’ development changed 

gradually in response to the water treatment until the end of the experiment, at which 

𝑇𝐿�̂� of non-irrigated and fully irrigated tomatoes differed by 22.64% (p ≤ 0.05). In 

particular, plants under T0 treatment showed a progressive reduction of 𝐿�̂� in L1 

and L2 starting at ~ 15 DAE (Figure S4.5), while they stopped growing the youngest 

leaves earlier as suggested by increasing differences from ~ 8 (L3), 9 (L4) and 5 (L5) 

DAE. 

Modelling relationships between plant growth and soil water status  

The total amount of water loss during 20-days monitoring was 19.37% (S cv.), 

61.81% (C cv.), 53.07% (R cv.) and 53.33% (G cv.) lower under T0 conditions with 

respect to T100 treatment (Figure 4.5A). The daily water loss by S cv. plants without 

irrigation throughout the experiment ranged from 3.3 to 5.43 g, on average, without 

significant differences from samples under T100 that ranged from 3.73 to 6.67 g, on 

average. In C cv. plants the effect of the water treatment reduced the daily water loss 

from ~ 35 DAS onwards. After this date, the water loss by fully irrigated plants 

remained high (8.43 g, on average) while the non-irrigated plants showed a 

progressive decrease of transpiration up to the end of the experiment (16.73% on 

average, with respect to control treatment). In particular, the difference in daily water 

loss rate of C cv. plants under T0 and T100 became significant at 40 DAS (22.12%   
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Figure 4.4. Differences in simulated plant height (PH) and Total Leaf Area (TLA) between 
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plants under full-irrigation (T100), 50% deficit irrigation (T50) and no-irrigation (T0) of 

“Saint Pierre” (S), “Costoluto Fiorentino” (C), “Reginella” (R) and “Gianna” (G) tomato 

cultivars during 20 Days After Sowing (DAS) monitoring. Each data point is represented by 

the average value of the three replicas and the error bars (± standard error). Asterisks indicate 

significant differences of the plants under T0 (A) and T50 (B) from the plants under T100 

according to t-test (*: p ≤ 0.05; **: p ≤ 0.01; ***: p ≤ 0.0001), while the vertical dashed 

segments correspond to the estimated breakpoints (α = 0.05). 

in average; p <= 0.05) and increased up to 43 DAS, when water transpiration in non-

irrigated samples was 38.37% lower than in full-irrigation treatment. The 

transpiration rate of non-irrigated and fully watered R cv. plants remained similar 

until 43 DAS, although differences in water consumption were already registered 

after ~ 4 days from the treatment imposition (15.37 g, on average). Such differences 

progressively increased by an average of 214.75% starting from 44 DAS, with a 

significantly lower transpiration of non-irrigated plants from 48 to 52 DAS (p <= 

0.05; 85.38% lower values compared to T100 conditions, on average). Similar to 

what observed for R cv., the daily water transpiration rate by G cv. plants increased 

up to ~ 30 DAS in both water treatments. From this date in T0, the water transpiration 

constantly decreased by an average of 55.31% (14.33 g), reaching significantly lower 

rates on DAS 39 (2.53 g; p <= 0.05) as compared to plants under T100 (28.87 g).  

With reduced water supply, the total dry weight accumulation decreased in all 

the selected tomato cultivars (Figure S4.7). At the end of the experiment, the total 

dry weight in plants under no-irrigation (T0) was on average 29.09% lower than in 

the full-irrigation treatment (T100). The reduction in total dry weight was more 

evident in C cv. (41.55%) than in S (36.78%), R (25.02%) and G cv. (27.97%). Both 

the leaves and stem dry weights were reduced by water deficit imposition, in contrast 

to the increase in biomass allocated to the roots. In particular, leaves and stem dry 

weight was 49.35% and 29.05% lower in no-irrigation treatment compared to full-

irrigation, respectively, with greater differences (p <= 0.05 for leaves) in the R cv. 

plants. The reduced soil water content has a greater influence on root development, 

with an average increase in dry weight of 3.49%. Among the tested cultivars, the 

root biomass of S, C and G cv. under no-irrigation was 58.47%, 49.38% and 9.82% 

lower than in full-irrigation, respectively. Conversely, the R cv. plants showed a 

37.20% increase in dry root biomass accumulation under T0 compared to fully 

irrigated samples. 

Dry matter was differently distributed between belowground (i.e., roots) and 

aboveground (i.e., stem and leaves) organs depending on the water treatment (Figure 

4.5B). In general, the average ratio between below- and above-ground plant biomass 

decreased from full-irrigation (0.62) to no-irrigation (0.35). With the decrease of soil 
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Figure 4.5. Effect of full-irrigation (T100) and no-irrigation (T0) treatments on (A) daily 

plant water loss during 20 Days After Sowing (DAS) and (B) on dry weight partitioning (%) 

between leaves, stem and roots of “Saint Pierre” (S), “Costoluto Fiorentino” (C), “Reginella” 

(R) and “Gianna” (G) tomato cultivars at 20th day of monitoring. Each data point is 

represented by the average value of the three replicas and the error bars (± standard error). 

Asterisks indicate significant differences of the plants under T0 from the plants under T100 

according to t-test (*: p ≤ 0.05; **: p ≤ 0.01; ***: p ≤ 0.0001), while the vertical dashed 

segments correspond to the estimated breakpoints (α = 0.05). 

water content, this ratio showed greater differences in S cv. (42.17%) compared to C 

cv. (19.45%). Instead, the below-/above-ground biomass ratio in non-irrigated plants 

of R and G cv. was 68.06% (significant differences in the partitioning of dry weight 

between the different organs compared to T100 conditions) and 27.41% greater than 

in fully irrigated samples, respectively. Under no-irrigation, the proportion of dry 

matter distributed to the roots and stem differed among tomato cultivars, recording 

an increase in the roots/stem value from S cv. (0.52) and G (0.89) to C (1.03) and R 
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cv. (1.85) plants. The roots/leaves ratio resulted higher in R (1.74) and G cv. (1.14) 

with greater dry weight distribution towards roots compared to leaves, in contrast 

with S (0.41) and C cv. (0.81) in which dry weight is mainly concentrated in leaves. 

As the soil dried progressively for 20 days, the Fraction of Transpirable Soil 

Water (FTSW) decreased linearly until the lowest value, which was 0.57 FTSW in S 

cv., 0.50 FTSW in C cv. and 0.01 FTSW in both R and G cv. (Figure 4.6). 

Relationships between FTSW and the relative growth in height (rPH), relative Total 

Leaves Area (rTLA) and relative transpiration (rTR) rates differed markedly among 

the selected cultivars. Along with decreasing FTSW, data from S and C cv. followed 

a similar sinusoidal-like pattern for rPH and rTLA and a decreasing linear trend for 

rTR, differing for lower rPH and rTLA (negative data not shown) values in C cv. at 

FTSW ≤ 0.71 and 0.59, respectively. Instead, the response of rPH, rTLA and rTR to 

FTSW reduction in R and G cv. showed the lowest variability in trends, with negative 

rTLA values in R cv. (data not shown) below 0.23 FTSW.  

The logistic function presented in Equation (4.8) described the relationship 

between FTSW and rPH in S (R2 = 0.11), C (R2 = 0.48), R (R2 = 0.65) and G cv. (R2 

= 0.76). Similarly, the response of rTLA and rTR to drying soil was well expressed 

in R (R2 = 0.77 and 0.93, respectively) and G cv. (R2 = 0.66 and 0.67, respectively), 

while the values of S and C cv. were weakly related to the fitted regression functions 

(R2 ≤ 0.57). In S and C cv., most rPH, rTLA and rRT values were close to the 

maximum FTSW values evidencing a limited impact of the water treatment on these 

traits compared to R and G cv. in which rPH, rTLA and rRT values decreased in a 

roughly linear trend until reaching low FTSW thresholds.  

Overall, the FTSW thresholds (namely, K1 and K2) for the decline of rPH in 

tomato plants were always higher than rTLA and rTR. There was no decrease in the 

rPH until FTSW had reached ~ 0.75 FTSW (K1), at which the relative growth rates 

of the non-irrigated plants mostly dropped to values < 1.00. Below the 0.58 FTSW 

level (K2), rPH declined more rapidly in an approximately linear trend reaching 

values of ≤ 0.27 (in R and G cv.). The rTLA rates fell below 1.00 in correspondence 

to the ~ 0.67 FTSW threshold (K1), while an increasing linear decline to rTLA values 

of ≤ 0.28 (in R and G cv.) was observed starting from 0.52 FTSW (K2). The rTR was 

not significantly affected by the water treatment until FTSW was about 0.59 FTSW 

(K1), at which moderately lower values of relative transpiration were registered. A 

significant change in the trend of the FTSW threshold for rTR decrease was detected 

at 0.40 FTSW (K2), leading to a minimum relative transpiration value of 0.19 (in R 

and G cv.). 
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Figure 4.6. Relative growth in height (rPH), relative leaves area development (rTLA) and 

relative transpiration (rTR) rates as a function of Fraction of Transpirable Soil Water (FTSW) 

for “Saint Pierre” (S), “Costoluto Fiorentino” (C), “Reginella” (R) and “Gianna” (G) tomato 
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cultivars. Each data point is the average value of the three replicas, the solid line is the logistic 

function presented in Equation (4.8) and vertical dashed segments correspond to estimated 

K1 (in grey) and K2 (in black) breakpoints (α = 0.05).  

The null hypothesis of the equality between the above morpho-physiological 

fitted models was tested (Table 4.2) within the pairs of tomato cultivars that were 

more susceptible to no-irrigation (i.e., R and G cv.). Particularly, the invariance 

hypothesis between the estimated regression coefficients may be accepted for rPH 

and rTR, whereas significant differences exist in rTLA response (p <= 0.05). 

Table 4.2. Test of explanatory invariance between the estimated regression coefficients (a 

and b) modelling the relative growth in height (rPH), relative leaves area development (rTLA) 

and relative transpiration (rTR) rates of tomato cultivar pairs (cv1 and cv2) as a function of 

Fraction of Transpirable Soil Water (FTSW). DF represents the degrees of freedom of the 

predictive model, while asterisks indicate statistical significance of individual coefficients 

and their difference between pairs of tomato cultivar models according to t-test (*: p ≤ 0.05; 

**: p ≤ 0.01; ***: p ≤ 0.0001). 

4.4. Discussion 

The novel image-based algorithm presented in this study to automatically 

segment plant 3D-models represents a benchmark for organ-scale phenotyping. The 

proposed method has been applied to SfM-MVS models derived from a low-cost 

platform for automated weighing and imaging of potted plants, resulting in an 

optimized approach for high-throughput phenotyping systems.  

The main advantage of our algorithm is its capacity to automatically classify the 

plant 3D-model into main stem, petioles and leaves (average success rate = 95.74%). 

The information about specific plant targets provided through non-invasive 

phenotyping methods is, indeed, the challenge of new automated imaging 

approaches (Singh et al., 2021). Unlike 2D image-based methodologies which are 

prone to unavoidable segmentation failures due to occluded organs, the 3D data-

driven algorithm of this study avoids the lack of depth information to better identify 

the main morphological features of the plant. In this context, our approach increased 

the accuracy up to 10.68% in organ-scale segmentation of other 3D-imaging 

methods in which the plant 3D-model reconstruction was based on manual images 

acquisition (Gélard et al., 2017a; Itakura and Hosoi, 2018). Although the fully 

y cv1 cv2 acv1 acv2 bcv1 bcv2 DF Z in acv1,2 Z in bcv1,2 

rPH R G 1.70*** 2.47** -2.60*** -3.81*** 30 0.99 1.22 

rTLA R G 47.92 1.22** -13.73** -3.90** 23 0.95 2.76** 

rTR R G 1.90*** 2.69** -3.99*** -3.97*** 31 0.88 0.02 
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automated imaging technique promoted the accurate partition of the meaningful 

limbs from high-quality plant 3D-models, the proposed algorithm has also proved 

robust for segmentation of challenging areas with partial voids in the reconstruction. 

This deviates from conventional shape-fitting and machine learning methods, which 

are constrained to a uniform distribution of points for building segmentation rules 

based on user-defined shape assumptions (Ghahremani et al., 2021a; McCormick et 

al., 2016; Paproki et al., 2012). Notably, unlike some previous approaches (Jin et al., 

2018; Thapa et al., 2018), our method does not require manually labelled 3D-data as 

prior knowledge for dissecting individual organs and estimating their growth 

direction. The reason is that the mathematical and orientation parameters of the 

climbing sphere used for adaptive segmentation are automatically adjusted 

according to the actual geometrical and topological properties of each plant. 

Consequently, our point-based analysis was robust to the changes in the shape of 

both holistic and component phenotypes over time, as opposed to prior segmentation 

strategies tailored to specific shoot architectures with similar growth habit (Gélard 

et al., 2017a, 2017b; McCormick et al., 2016; Wahabzada et al., 2015). This provided 

generality in the application of the algorithm for different plant cultivars, 

developmental stages and growth scenarios. The proven capability of the proposed 

algorithm in retrieving the plant topological properties (i.e., arrangements of petioles 

and leaves on the main stem) is an added step toward organ-scale phenotyping 

compared to previous approaches based solely on limbs classification (Elnashef et 

al., 2019; Moriondo et al., 2016; Paulus et al., 2013). In this context, our upward-

oriented segmentation is critical to accurately capture the arbitrarily changing 

topology of a plant as it provides information on the spatial distribution of the organ 

being analysed with respect to the other instances. This allows the subsequent 

categorization of individual components (e.g., leaves, petioles and branches) 

according to their ordered arrangement on holistic phenotypes (e.g., main stem and 

canopy), which is pivotal to automatically track the same organ depicted at different 

times.  

However, if on the one hand the complete automation of our phenotyping 

pipeline represents an advantage for an appropriate reconstruction of the plant 

architecture (Paulus et al., 2013), on the other, some uncertainties in retrieving 

thinner petioles at the top of the plant and leaves that are in contact with one another 

can limit the segmentation of more complex canopies. In the case of very fine 

structures, some parts of organs (e.g., younger petioles) may be captured by only a 

few pixels in images making their accurate 3D-reconstruction more challenging (Das 

Choudhury et al., 2020). If the petiole is poorly reconstructed, our segmentation 

algorithm will not extend to the relative leaf which will be merged to the petiole, as 
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similarly reported by Gaillard et al. (2020a). This issue could be more pronounced 

in denser canopies due to the increased amount of occlusion by larger leaves, 

especially in the upper parts of the plants (Wu et al., 2019b). As a consequence, 

overlapping leaves may impede the correct segmentation of individual organs from 

highly dense canopy (Gélard et al., 2017a; Golbach et al., 2016; McCormick et al., 

2016).  

On the other hand, the accurate 3D reconstruction joined to a robust organ-scale 

segmentation of the tested plants enabled a faithful estimation of the main 

phenotypic traits, including plant height (𝑃�̂�), petioles inclination (𝑃�̂�), single-Leaf 

Area (𝐿�̂�), Total Leaf Area (𝑇𝐿�̂�) and single-leaf angle (𝐿�̂�). In comparison, fully 

manual extraction of the plant morphometry from 2D images using conventional 

tools (e.g., ImageJ®) requires pre-selection and processing of individual components, 

which is too labour-intensive and time-consuming for a multi-temporal, organ-level 

phenotyping of several plants, especially when applied on complex canopies by 

unskilled users (Rossi et al., 2020). The high reliability of 3D traits reconstruction 

was defined by a MAPE level of ≤ 10%, considered as acceptable for organ-scale 

phenotyping (Paproki et al., 2011). In this study, MAPE error values, lying below 

this tolerance limit for all considered traits, reveals both the effectiveness of the 

segmentation process on a single-organ scale and the high agreement and accuracy 

of traits estimation (Paproki et al., 2011). These findings confirm the applicability of 

the proposed algorithm for an automatic and accurate monitoring of plant responses 

to environmental stresses. 

The limitation of water availability restricts plant growth, with significant 

changes in the morphology and physiology of plants (Liang et al., 2016). The 

effectiveness of the proposed segmentation algorithm coupled with the capability of 

the phenotypic platform to monitor the pot water content allowed to constantly 

monitor for 20 days what the progressive effects of water deficit treatments (T100, 

T50 and T0) are on each single phenotypic trait (𝑃�̂�, 𝑃�̂�, 𝐿�̂�, 𝑇𝐿�̂� and 𝐿�̂�) of high-

water demanding and economically relevant tomato cultivars (S, C, R and G). Similar 

experiments were limited to a single cultivar and for a very limited experimental 

period (Chaivivatrakul et al., 2014; Golbach et al., 2016; Miao et al., 2021b), thus 

not considering the differences in plant topology (i.e., phyllotaxy and/or branching 

pattern) and the increasing complexity in the architecture over the plant growth 

cycle.  

The application of the proposed algorithm in monitoring the developmental 

dynamics of phenotypic traits formation revealed how plant growth benefited from 

the T50 treatment, as also concluded in previous studies on potted tomato seedlings 
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(Liu et al., 2019; Zouagri et al., 2020). This situation may be due to the limited 

canopy development of plants at early growth stages (Chen et al., 2015). In line with 

our findings on plant development (Figure 4.4), the low evapotranspiration rate may 

result in an increased Water Use Efficiency compared to fully irrigated plants, with 

positive consequences on plant growth and biomass accumulation (Liang et al., 

2016). Another explanation may be linked to the increase of acid abscisic (ABA) 

production under stress which could have stimulated deep root development and, 

thus, sustained the plant growth by up-taking water from deeper soil layers (Chen et 

al., 2015). This is supported in our research by the average dry weight of roots 

obtained for plants under T50 treatment which was 27.70% higher than for fully 

irrigated plants. 

Contrariwise, 3D imaging allowed us to identify dynamic alterations in the 

phenotypic traits under the T0 treatment, which would have been difficult to observe 

from destructive or 2D image-based approaches (Wahabzada et al., 2015). If the 

proposed methodology enabled significant changes that occurred in plant growth and 

canopy development to be revealed, the larger size of leaves of fully irrigated 

tomatoes (Figure S4.5) may have violated the assumption of independence between 

leaf weight and angle, preventing the detection of variations in leaf/petiole 

inclination triggered by water stress (Zou et al., 2014). Indeed, as larger leaves can 

bend under their own weight, it may be necessary to consider the correlation between 

the size and inclination of each leaf to discriminate angular changes due to the 

increase of its weight or loss of its turgor.    

Our phenotyping platform provided evidence of a reduction in water 

consumption and biomass accumulation of the plants subjected to no-irrigation 

which can be induced by an increase of ABA with consequent stomatal closure and 

inhibited photosynthetic activity (Osakabe et al., 2014). This behaviour is recognized 

in the adaptive strategies of many crops (Steduto et al., 2012; Sun et al., 2014b), 

which reducing their development (e.g., reduced growth and shedding of older 

leaves) are able to better cope with the impact of water stress (Chaves et al., 2003). 

We used the FTSW approach (Sinclair and Ludlow, 1986) to efficiently provide 

insights into the timing of physiological responses to soil water deficit, which is 

inaccessible using exclusively RGB-imaging (Yang et al., 2020). Compared to other 

methods (Ritchie, 1981, 1973), the FTSW is a stronger indicator of the quantitative 

response of plants to the transpirable water in the soil (Bindi et al., 2005). The 

decrease in the overall transpiration rate (rTR) combined with a reduction in plant 

growth (rPH) and leaf area development (rTLA) was found to contribute to plants 

adaptation in the face of soil moisture depletion (Omasa et al., 2007). These 
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relationships could be easily used as main parameters driving the modelling of daily 

reduction in plant Radiation Use Efficiency (RUE) and Transpiration Efficiency 

(TE) as a response to water stress (Moriondo et al., 2019, 2015). In our experiments, 

the rPH extracted using the proposed algorithm showed the earliest response of 

tomatoes to the progressive soil drying which occurred at a relatively high soil-water 

threshold (~ 0.58 FTSW) as compared to previous studies (~ 0.30 to 0.40 FTSW) 

focused solely on the changes undergone by the rTLA and/or rTR rates of several 

agronomic crops, including quinoa (Sun et al., 2014b), grapevine (Bindi et al., 2005) 

and olive tree (Moriondo et al., 2019). A similar result was obtained by Gallardo et 

al. (2006), where the rPH of young greenhouse grown tomatoes was the most 

responsive indicator to water stress when compared to physiological descriptors of 

canopy exchange processes. As a matter of fact, depression in whole-plant growth 

rates frequently occurs before any detectable change in the leaf water status of plants 

under dry conditions to prevent excessive transpiration by water-losing organs (i.e., 

stem and leaves, Lombardini and Rossi, 2019; Sun et al., 2014b). Accordingly, the 

FTSW threshold for decline in growth rates contributed the most to distinguish the 

selected tomato cultivars with regard to their response to early water stress. In 

particular, the greater the development of water-losing organs at the critical 

threshold, the quicker the decrease in plant growth was to conserve the water 

available in the soil. 

Indeed, the application of our phenotyping pipeline showed how highly 

developed plants of R and G cv. behaved very differently in their biomass production 

(Figure 4.4) and allocation (Figure 4.5) than low-growing C cv. tomatoes which 

maintained their functions unaltered for a longer period of time (~ 8 to 10 days). 

Specifically, R and G cv. genotypes reacted to no-irrigation with greater investments 

in root extension and lower whole-plant growth rate, leading to a more conservative 

balance between water-losing and water-absorbing organs (Liu and Stützel, 2004). 

Our results are in accordance with previous studies on tomato seedlings (Conti et al., 

2019; Tan et al., 1981), which reported adjustments in the biomass allocation pattern 

as a plant strategy to compensate for transpiration demand under reduced water 

availability. In herbaceous species, such root–shoot signalling has been 

demonstrated to be linked with variations in relative growth rates triggered by water 

stress (Robinson and Peterkin, 2019), as a slower whole-plant development may 

increase the efficiency of photosynthates translocation to root and young leaves 

(Wardlaw, 1969). Here, this adaptive mechanism may have dictated the functional 

detachment of mature leaves from the R cv. samples. Notwithstanding, the R and G 

cv. plants appeared to behave similarly with respect to the response of both growth 

and transpiration rate to no-irrigation, which occurred at the same critical FTSW 
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threshold. Coherently with the reduced size of S cv. plants, the feature of higher 

FTSW at the end of the experiment indicated that transpirable water in the soil was 

still sufficient to support their regular growth. 

In line with the results of our research, plant height is one of the most relevant 

traits usable to evaluate plants’ sensitivity to water stress inasmuch as it can be easily 

measured from both proximal and remote sensing platforms with affordable RGB 

sensors (Madec et al., 2017; Rossi et al., 2020; Xie et al., 2021). However, the lack 

of algorithms for the automated analysis of acquired imaging data hinders its 

widespread detection for infield applications (Cai et al., 2018). These limitations 

may be overcome by implementing simpler proximal structures that record digital 

images from above the canopy to provide rapid estimates of dynamic traits (e.g., 

plant growth rate) infield. This simple framework, when combined with the 

algorithm presented in this study, could open new perspectives for speeding up the 

selection of more drought tolerant varieties and providing irrigation guidelines to 

avoid water stress early in growth. 

4.5. Conclusions 

This study proposes a novel image-based algorithm for automatic plant 3D-

models segmentation and high-throughput phenotypic data extraction. The results 

provided evidence of the algorithm’s robustness in non-destructively classifying the 

main stem, petioles and leaves of various cultivars, allowing an accurate estimation 

of the main growth parameters (i.e., plant and organ heights, angles and areas) in the 

3D-space. In addition, this study documents the suitability of a dynamic 

quantification of daily changes in canopy structure and physiology to characterize 

the impact of early water stress on tomato phenotypes through the integration of our 

algorithm with a low-cost platform that automates weighing and imaging. This 

automation can scale up the phenotyping applications to a larger number of plant 

samples and at a finer temporal resolution, albeit optimizations in the image 

processing framework are required to increase the throughput of the plant 3D-model 

reconstruction. Based on the case study, the sample size we selected was sufficiently 

large to discern significant differences in daily canopy development imposed by 

early water stress with acceptable computational and economic efforts. Specifically, 

the response of relative growth rate versus the actual transpirable water (FTSW) 

helped in clearly distinguishing the overall behaviour of four tomato cultivars to 

progressive soil drying. In this context, we could speculate that a conservative 

canopy growth is advantageous for plant survival under limited water supply and it 

could be exploited as a proxy for breeding tomato cultivars with increased resilience 
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to drought. Moreover, as the algorithm relies solely on the point-level geometric 

properties of the plant 3D-model, this pipeline is expected to be adaptable for a vast 

majority of crop and tree species. Certainly, it remains to be investigated how well 

our algorithm generalizes to other phyllotaxis and/or branching patterns. 

To this end, future efforts are required to promote the repeatability of the high-

throughput phenotypic analysis even in crowned crops with more complex canopy 

structure. Successful testing on a larger number of genotypes would more strongly 

support our findings on the magnitude and timing of morpho-physiological 

responses to soil drying. This would enhance automated decision-making programs 

by providing real-time viewing of plant water status for appropriate irrigation 

scheduling.  
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Highlights 

 

• Plant 2D- and 3D-scanning were tested to choose the most suitable 

phenotyping technique for maize and tomato; 

• Tested imaging methods exhibit different phenotypic performances 

depending on the complexity of the canopy architecture; 

• Image-derived plant’s shoot area can be effectively used as the main 

phenotypic determinant of above-ground biomass accumulation; 

• 2D image analysis is advantageous for predicting the above-ground biomass 

of plants with non-complex structures, such as maize; 

• MVS-SfM 3D-reconstruction offers better performance in estimating the 

above-ground biomass of plants with complex structures, such as tomato. 

ABSTRACT: Image-based estimation of above-ground biomass accumulation is 

recognized as the predominant asset of breeding programs for accelerating gains in 

crop adaptation and productivity. High-throughput phenotyping (HTP) has the 

potential to greatly facilitate genetic improvements by dissecting morphological 

traits which can serve as accurate predictors of optically sensed plant biomass. Thus, 

various high-throughput data acquisition methods have been recently developed to 

quantify desirable phenotypes from images. Novel insights are essential to provide 

helpful guidelines to breeders for the optimal selection of phenotyping approaches 
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aimed at estimating plant biomass. In this study, three representative HTP data 

acquisition methods based on two-dimensional (2D) image analysis, Multi View 

Stereo (MVS)-Structure from Motion (SfM) three-dimensional (3D)-reconstruction 

and Structured Light (SL) 3D-scanning were compared for estimating fresh (FAGB) 

and dry above-ground biomass (DAGB) weight of potted plants at early growth 

stages. Two crop species with contrasting shape and canopy architecture, namely 

maize (Zea mais L.) and tomato (Lycopersicum esculentum L.), were used as model 

plants. First, the performances of each sensing approach were tested in the accurate 

reproduction of the major phenotypic traits and, secondly, in the reliable fresh/dry 

AGB estimation from the relevant allometric equations calibrated according multi- 

(six sampling dates, once a week) and mono-temporal (one sampling date at harvest 

time) datasets. The overall results demonstrated the effectiveness of the tested 

methods in reproducing the salient features of canopies with increasing architectural 

complexity, including plants’ height (R2̅̅ ̅ = 0.98, rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 7.73% and AIC̅̅ ̅̅ ̅ = 477.09), 

shoot area (R2̅̅ ̅ = 0.91, rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 29.53% and AIC̅̅ ̅̅ ̅ = 1363.18) and convex hull volume 

(R2̅̅ ̅ = 0.88, rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 27.32% and AIC̅̅ ̅̅ ̅ = 822.20). In this context, the shoot area 

associated with the age of the plant was found to be the most indicative phenotypic 

determinant for an accurate estimation of DAGB and FAGB. Accordingly, the 

greater ability of the 2D image analysis in quantifying canopies of elongated plants 

characterized by thin organs ensured the best estimates of fresh/dry biomass 

accumulation in maize (0.99 ≤ R2̅̅ ̅ ≤ 0.98 and 8.98% ≤ rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ ≤ 16.03%, considering 

multi- and mono-temporal calibrated models). Contrariwise, the MVS-SfM 3D-

reconstruction of more complex canopies with compact habit was advantageous for 

the accurate prediction of above-ground DAGB and FAGB dynamics in tomato (R2̅̅ ̅ 

= 0.99 and 6.70% ≤ rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ ≤ 15.82%, considering multi- and mono-temporal 

calibrated models). These findings provide references to carefully select the best 

suited HTP data acquisition approach for the accurate estimation of biomass 

accumulation across plants of different canopy complexity, thereby paving the way 

to break through current phenotyping bottlenecks in breeding applications for current 

and future food security.  

 

Keywords 

Digital biomass; high-throughput phenotyping platforms; Multi View Stereo; 
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5.1. Introduction 

Increasing food production is challenging for crop breeding programs, for which 

accurate assessment of above-ground biomass (AGB) is crucial due its close relation 

to plant growth and yield potential (Li et al., 2020a; Tackenberg, 2007). In this 

context, monitoring the dynamics of AGB accumulation at early growth stages is a 

fundamental requirement for improving selection processes by revealing the genetic 

basis of key phenotypic traits associated with abiotic stress tolerance, disease 

resistance and productivity (Khun et al., 2018; Kim et al., 2020b). The conventional 

approach of investigating the AGB is to manually harvest and weight the fresh and/or 

the oven-dry shoot biomass, which is a costly and error-prone task (Catchpole and 

Wheelert, 1992). The labour-intensive and time-consuming nature of such samplings 

prevents large-scale, multi-temporal trials that are necessary when dealing with 

effective screening of growth phenotypes (Arvidsson et al., 2011). Therefore, non-

destructive AGB sampling methods became a high priority for breeders and 

agronomists.  

Among non-invasive analysis, visual scoring allows for more efficient 

estimations of plant biomass than destructive methods (Riday, 2009; Smith et al., 

2001) but this procedure is qualitative, highly prone to subjective biases and still not 

suitable for the upscaling of breeding surveys (Montes et al., 2011; Wang et al., 

2019a). As an alternative approach, several allometric equations have been 

established that successfully relate shoot biomass with non-destructive 

measurements of plant structural properties (Qi et al., 2016). However, conventional 

allometry relies on manual recordings of such traits (Cornet et al., 2015; Flores-

Hernández et al., 2020; Santillan et al., 1979; Williamson et al., 1987), thereby 

constituting a bottleneck for accelerating breeding programs. Advances in sensor-

based technologies provide new opportunities for acquiring high-resolution 

information of plant architecture in a shorter period of time (Tattaris et al., 2016). 

Recently, aerial-based platforms have been proposed in large-scale trials to 

optical record by imaging sensors (e.g., RGB, multi- and hyper-spectral cameras) a 

range of functional traits that reflect the vegetation status (Castro et al., 2020; Hu et 

al., 2021; Li et al., 2020a; Liu et al., 2019; Tang et al., 2021; ten Harkel et al., 2020). 

Nonetheless, optical sensing data are dependent on canopy structure, geometry 

viewing and topography (Liu et al., 2004), making their employment for accurate 

biomass’ prediction models challenging (Rodríguez-Lozano et al., 2021). Spectral 

readings of morphometric traits sensed from proximal high-throughput phenotyping 
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(HTP) devices may be used, instead, as the basis for the actual AGB estimation on a 

spatial and temporal scale suitable for breeding purposes (Araus et al., 2018b; Danzi 

et al., 2019; Golzarian et al., 2011). 

Among imaging techniques investigated to infer AGB from digital phenotypes, 

including photogrammetry (De Diego et al., 2017), Light Detection And Ranging 

(LiDAR; Jimenez-berni, 2018; Thapa et al., 2018) and spectroscopy (Busemeyer et 

al., 2013), the automatic acquisition and analysis of high-resolution RGB images 

remains the most effective and widely used approach in HTP (Chung et al., 2017; 

Laxman et al., 2018). Indeed, several studies have shown that image-derived canopy 

size is a reliable predictor of actual AGB. RGB imaging methods were applied to 

accurately predict plant biomass by deriving one- (e.g., plant height, Chung et al., 

2017; Tackenberg, 2007; Yang et al., 2014) and two-dimensional traits (e.g., 

projected shoot area, Chen et al., 2018; Lopez et al., 2017; Petrozza et al., 2014) from 

2D-image sequences. In this perspective, the accuracy of 2D-imagery in quantifying 

canopy development is improved by the adoption of Multi-View Stereo (MVS) and 

Structure from Motion (SfM) approaches (Moriondo et al., 2016; Paulus, 2019; 

Perez-Sanz et al., 2017) able to retrieve the 3D plant features (e.g., canopy volume, 

Salter et al., 2020; Xiao et al., 2020) after mosaicking multiple side-view 2D-images. 

Similarly, the 3D shape of the plant can be directly computed based on the distortion 

of external light patterns emitted on the multi-view sensed 2D-images by affordable 

active sensors, such as RGB-D (Ma et al., 2019b; McCormick et al., 2016) and 

Structured-Light (SL) cameras (Geng, 2011; Li et al., 2017). Indeed, the high 

accuracy of SL in reproducing multi-dimensional features promoted the application 

of this methodology in plant canopy size measurements (Li et al., 2017, 2013b; 

Nguyen et al., 2015; Paulus et al., 2014a; Singh et al., 2016b), despite the longer 

time required for setting and calibration of the camera-projector pair (Luo et al., 

2014; Paturkar et al., 2021). 

Certainly, these imaging techniques provide valuable information to 

approximate the plant biomass from its architecture, but they also exhibit different 

performances in terms of accuracy across genotypes of varying canopy complexity. 

In general, the outer canopy boundary components, such as the plant height, vertical 

layering and horizontal openness (Vogel and Haber, 2019) can be easily estimated 

by 2D- (error ≤ 5.00 cm for grasses and dicots; Tackenberg, 2007), MVS-SfM 3D- 

(error ≤ 0.88 cm for monocot and dicot weeds; Andújar et al., 2018) and SL 3D-

imagery approaches (error ≤ 1.02 cm for sugar beet taproots; Paulus et al., 2014a). 

However, the complexity of genotypes with denser foliage requires access deeper 

into the canopy (Lati et al., 2013b; Paulus et al., 2014a), giving rise to potential 
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important biases in traits estimations. Indeed, as the viewing penetration patterns 

within the canopy is inversely proportional to shoot density (Zimmerman and 

Mobley, 1997), the highest the plant architecture complexity, the lowest the accuracy 

of 2D- and 3D-imagery in measuring inner traits such as the stem diameter (Bao et 

al., 2018), leaf angle (Raju et al., 2020) and shoot area (Dandrifosse et al., 2020). In 

this context, perspective distortions (Ge et al., 2016b; Wang et al., 2019b) and 

occlusions (Nguyen et al., 2015) observed when canopy materials are to be captured 

from multiple views (Arend et al., 2016) would lead to inaccurate estimates of AGB 

(Xiang et al., 2019). As an example, Ge et al. (2016a) showed that the increased 

canopy complexity of maize at the later growth stages clearly affected the accuracy 

of leaf area derived from side-view 2D-images and, thus, its relationship with the 

plant biomass. Similarly, Xiao et al. (2020) reported how relationships of plant 

biomass with 3D-modeled leaf area and convex hull volume gradually decreased as 

sugar beet canopy grown.  

In view of these limitations and considering that, to the best of our knowledge, 

no previous studies have attempted to clarify which is the best methodology for 

quantifying meaningful plant’s traits, it is urgent to find the most appropriate 

imaging method based on accurate HTP-traits extraction for estimating biomass 

accumulation over the growth cycle in plants with complex architecture.  

Looking at these premises, the overall goal of this paper is to comprehensively 

compare three HTP data acquisition approaches based on 2D image analysis, MVS-

SfM 3D-reconstruction and SL 3D-scanning for the estimation of above-ground 

biomass at early growth stages. To achieve this aim, the accuracy of each imaging 

method will firstly be tested in reproducing the main plant phenotypic traits (i.e., 

plant’s height, shoot area and convex hull). The predictive performances of these 

imaging methods will then be compared and the derived allometric relationships will 

be used for estimating the biomass accumulation of species with different canopy 

architecture.  

5.2. Materials and methods 

5.2.1. Plant material and growing conditions 

The experiments were conducted on 40 potted plants evenly divided between 

maize (Zea mays L.) and tomato (Solanum Lycopersicum L.). The plants grew in an 

environmentally-controlled greenhouse under 12h/day photoperiod (light intensity 

180 μmolm-2s-1) from 26 to 61 Days After Sowing (DAS) with a day/night 
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temperature and a relative humidity of 25 °C/28 °C and 40-60%, respectively. Plants 

were transplanted from plug plates into black plastic pots (14 cm in diameter and 12 

cm in height) filled with perlite (~ 270 g) and 70:30 mixture of sand and peat moss 

(~ 500 g; Vigorplant® Srl, Fombio, Italy) at 16 (maize) and 19 (tomato) DAS 

corresponding to 2nd fully unfolded leaf on the main shoot. The plants have been kept 

fully irrigated with a NPK (20:20:20) nutrient solution to maintain plants’ turgor 

throughout the experiment while unique barcodes were added to the pots for 

identifying the objects during the imaging.  

5.2.2. Non-destructive data acquisition and processing  

At a first step, an automated imaging process was used for collecting non-

destructive phenotypic measurements of maize and tomato plants. Images were taken 

over 6 weeks (between 26 to 61 DAS, Table S5.1) at 2 day intervals according to 

Petrozza et al. (2014), by manually transferring, in turn, each plant from the growth 

chamber to three nearby imaging stations: (a) a greenhouse LemnaTec Scanalyzer 

phenotyping platform (LemnaTec GmbH®, Wuerselen, Germany) equipped with 

two RGB sensors; (b) a RGB camera mounted on a low-cost MVS-SfM platform 

(Rossi et al., 2020); and (c) a Hewlett-Packard® 3D SL scanner Pro S3 (Hewlett-

Packard®, Palo Alto, CA, USA) with dual digital cameras. The performances of each 

image-based system were tested in reproducing phenotypic traits related to biomass 

accumulation, including plant’s height, area and volume. The overall workflow of 

high-throughput phenotypic (HTP) data acquisition and processing for the three 

approaches is summarised in Figure 5.1 and detailed in the following sections. 

2D-imaging 

The 2D scanning was performed on a subsample of 20 maize and 20 tomato 

plants by using the LemnaTec Scanalyzer 3D System (Figure 5.1A0), following the 

procedure of Petrozza et al. (2014). Each pot was inserted into a larger blue pot 

(volume of 3 dm3) located in a carrier and automatically conveyed into a visible light 

chamber for the images’ acquisition. At the time of scanning, the chamber was 

uniformly lighted by fluorescent tubes (OSRAM Licht AG®, Munich, Germany) and 

panelled in black in order to better distinguish between the plant elements (Golzarian 

et al., 2011). The Visible light chamber for the RGB image acquisition was equipped 

with 2-megapixel Visible light cameras (Basler Scout scA1600-14gc; Briglia et al., 

2019). For each sample, one RGB image from above the plant (top-view) and two 

laterally at an orthogonal angle (0° and 90° side-view) were sequentially collected 

(Danzi et al., 2019).  
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The images at 1:1 scale were analysed (Figure 5.1A1) using the Python® 

software (Python Software Foundation, DE, USA) with the PlantCV phenotyping 

package (Gehan et al., 2017). Firstly, the original RGB image was converted into the 

three-constituent grey-scale images of the Hue Saturation Intensity (HSI) colorspace 

channels. Next, thresholding operations were applied to each color channel image 

and the resulting three threshold images were then recombined using a bitwise AND 

operation to create a mask. The colorspace conversion, thresholding operations, and 

the subsequent binary AND operation were carried out with the 

threshold.custom_range function of PlantCV. A plant silhouette was extracted by 

superimposing the original RGB image to the resulting binary image mask.  

The RGB 2D-images without background were used to automatically measure 

the plant’s height (𝑃𝐻𝐿
̂ ), shoot area (𝑆𝐴�̂�) and convex hull volume (𝐶𝐻𝐿

̂ ) at a given 

time point (Figure 5.1A2). 𝑃𝐻�̂� was determined by averaging the Euclidean length 

from the bottom of the main stem and the apical leaf (Janni et al., 2019; Kim et al., 

2019) extracted from the 0° and 90° side-view images. The number of pixels of 

individual plants was quantified from the three orthogonal images for estimating 𝑆𝐴�̂� 

(Laxman et al., 2018; Equation (5.1)), while 𝐶𝐻�̂� was computed as the pixels count 

in the smallest convex set that contained the imaged plant at each view-point (Duan 

et al., 2018; Equation (5.2)). 

𝑆𝐴�̂� = ∑ 𝑝𝑖𝑥𝑆𝐴𝑡𝑜𝑝𝑣𝑖𝑒𝑤 + ∑ 𝑝𝑖𝑥𝑆𝐴𝑠𝑖𝑑𝑒𝑣𝑖𝑒𝑤 0° + ∑ 𝑝𝑖𝑥𝑆𝐴𝑠𝑖𝑑𝑒𝑣𝑖𝑒𝑤 90° (5.1) 

𝐶𝐻�̂� =  ∑ 𝑝𝑖𝑥𝐶𝐻𝑡𝑜𝑝𝑣𝑖𝑒𝑤 + ∑ 𝑝𝑖𝑥𝐶𝐻𝑠𝑖𝑑𝑒𝑣𝑖𝑒𝑤 0° + ∑ 𝑝𝑖𝑥𝐶𝐻𝑠𝑖𝑑𝑒𝑣𝑖𝑒𝑤 90° (5.2) 

where pixSA and pixCH are the number of pixels corresponding to the projected 

plant’s shoot area and convex hull volume of the images collected at the various 

view-points (top-view, 0° and 90° side-view), respectively. 

MVS-SfM 3D-modeling 

Plants (20 maize and 20 tomato) were also imaged using a simplified setup of 

the low-cost phenotyping platform (Figure 5.1B0) presented in Rossi et al. (2020). 

In particular, the hardware for automatic MVS images acquisition was composed of 

a rotary plate and a Nikon® D810 36.3-megapixel digital RGB camera (Nikon 

Corporation®, Minato, Tokyo, Japan) equipped with a Nikon® AF-S DX NIKKOR 

35 mm f/1.8G lens (Nikon Corporation®, Minato, Tokyo, Japan) and mounted on a 

tripod. A logic unit allowed to synchronize the camera shots with the programmed 

frequency and speed of the plate’s rotation for the 360° scan of individual plants. A 
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delay in the camera shutter was set (waiting time of 30 sec) each time plate rotation 

is stopped for avoiding image noise generation, derived by object vibration on the 

rotating plate. The measurements were conducted under controlled lighting 

conditions with two neon lamps (OSRAM Licht AG®, Munich, Germany) held 

laterally to the plant to minimize shadows, while a black panel masked non-target 

points in the background. Four Rubik’s cube with 3x3 cm/edge were equidistantly 

stuck around the top of each pot as adopted by Yang and Han (2020). Before image 

acquisition, the camera viewpoint (Rt) was manually adjusted on the tripod to ensure 

that all target points in the scene were captured (decreasing inclination ranging from 

10 deg° to 30 deg°). For each plant, 45 RGB images with a 6000 × 4000 pixels 

resolution were acquired at regular steps of 8 deg°. 

A SfM-based image processing pipeline was performed to generate a 3D-dense 

point cloud (DPC) of each plant from the captured images (Figure 5.1B1a). In 

particular, the background was automatically removed via a colour thresholding 

approach in the MATLAB® environment (version 9.9.0 (R2020b); The MathWorks 

Inc.®, Natick, MA, USA) and the resulting segmented images were aligned for the 

DPC reconstruction with Agisoft PhotoScan Professional® (ver. 1.4.1; Agisoft 

LLC®, St. Petersburg, Russia) software. Noise reduction was automated using an 

Agisoft PhotoScan Professional® built-in filtering. The resulting SfM-model 

consisted of a point coordinates dataset (xyz) and color-information in the visible 

range (RGB).  

The MATLAB® algorithm developed by Rossi et al. (2020) was used to 

automatically obtain phenotypic measurements from each DPC (Figure 5.1B2), 

including plant’s height (𝑃𝐻�̂�), shoot area (𝑆𝐴�̂�) and convex hull volume (𝐶𝐻�̂�). 

Firstly, the z-axis of the DPC was reoriented along the main stem by taking as an 

input the Rt value. Subsequently, the Rubik’s cube most accurately reconstructed 

(i.e., the cube with the largest number of xyz-points) was segmented from the DPC 

using a colour thresholding approach (e.g., red points) and it was processed with a 

RANdom SAmple Consensus (RANSAC) method (Usama, 2021) to estimate the 

coordinates of the fitted vertices. The relationship between the length of the cube’s 

edge in the 3D virtual (dv) and the real dimension (dr) was calculated to scale the xyz-

points (xyzs; Equation (5.3)). In particular, 𝑃𝐻�̂� is retrieved as the vertical component 

vector of the Euclidean distance between the lowest and the highest points of the 

DPC. An alpha shape algorithm (automatically setting the smallest α radius that 

enclosed all points of the DPC) was used to estimate the concave hull around the 

plant point cloud and compute the 𝑆𝐴�̂� from there (Edelsbrunner and Mücke, 1994). 
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Finally, 𝐶𝐻�̂� is the volume of the points that lay on the boundary of the convex hull 

enclosing the whole plant architecture (Rose et al., 2015).   

𝑥𝑦𝑧𝑠 = x𝑦𝑧 ∗ 
𝑑𝑟

𝑑𝑣

 (5.3) 

where xyz are the x-, y- and z-axis coordinates of the plant 3D model, and 𝑑𝑟 and 𝑑𝑣 

are the real (in this study dr = 3.00 cm) and virtual length of the Rubik’s cube edge, 

respectively. 

Structured Light 3D-modeling 

The 3D shape at 1:1 scale of randomly subsampled 10 plants (5 maize and 5 

tomato) was captured using a structured light David SLS-3 station (Figure 5.1B0). 

Such an affordable modular scanning system (Hewlett-Packard, 2016) consists of an 

Acer® Digital Light Processing projector (Acer®, New Taipei, Taiwan) and dual 

high-resolution (1920 × 1200 pixels) digital cameras (Hewlett-Packard®, Palo Alto, 

CA, USA) with manual focus and exposure adjustment. In this study, both the 

projector and cameras were mounted on a graduated rail supported by a tripod to 

360° scan the single plant on the previously presented rotary plate. All measurements 

were conducted in dark conditions and controlled by the user-friendly HP® 3D scan 

software Pro V.5.3.0 (Hewlett-Packard®, Palo Alto, CA, USA). The plant 3D-

scanning was preceded by the automatic calibration of the cameras’ lens position, 

orientation, focal length and distortion by projecting a SL pattern sequence on a 

panel with 60-mm-equidistant points, according to the minimum size of the target 

plant organs (Das Choudhury et al., 2020; Paulus et al., 2014a). A total of 15 scans 

per plant were captured by setting the plate’s rotation at 24 deg° interval, following 

Nguyen et al. (2015). The light pattern distortion on the geometric shape of the plant 

was registered by the cameras and automatically corrected in the HP® 3D scan 

software to generate a 3D model (Figure 5.1B1b). The modelled plant was post-

processed to manually remove outliers and to align all scans for the reconstruction 

of a complete 3D point cloud subsequently converted into a polyhedral mesh. Then, 

the 3D model was exported in MeshLab® (version 2020.12, Cignoni et al., 2008) to 

obtain a dataset of points with actual xyz-coordinates. 

Finally, the plant’s height (𝑃𝐻�̂�), shoot area (𝑆𝐴�̂�) and convex hull volume (𝐶𝐻�̂�) 

of each scanned model were automatically estimated (Figure 5.1B2) as previously 

described. 
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Figure 5.1. Schematic representation of image acquisition by the (A0) greenhouse 

Scanalyzer and (B0) MVS-SfM platform and SL 3D scanner for the (A1) 2D- and (B1a and 

b) 3D-based data processing and (A2 and B2) automatic traits extraction. 
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5.2.3. Destructive samplings 

After images acquisition, the ground level-top canopy distance was measured (± 

1.00 mm accuracy) for deriving plant’s height (PH) whereas the convex hull (CH) 

was obtained (± 1.00 mm accuracy) by combining the PH and two orthogonal 

diameters in a derived ellipsoid canopy volume formula (Equation (5.4)), following 

Thorne et al. (2002). Shoot area (SA) and fresh (FAGB) and dry above-ground 

biomass (DAGB) weight were collected through a destructive sampling (i.e., manual 

defoliation) on 3 (26, 33, 40, 47 and 54 DAS) or 5 (61 DAS) randomly selected 

maize and tomato plants (Table 5.1). In particular, the removed leaves were 

vertically photographed from above against a white background with a standard ruler 

as a calibration scale and the SA was derived using the ImageJ® open-source software 

(http://rsbweb.nih.gov/ij/), following the color-thresholding procedure reported in 

Abdelkader et al. (2019). Finally, the FAGB and the 60 °C oven-dried DAGB were 

measured with a precision balance (1000/0.001 g).  

𝐶𝐻 =
2

3
∗ π ∗ 𝑃𝐻 ∗ (

𝐷1

2
∗

𝐷2

2
) (5.4) 

where 𝐷1and 𝐷2 are the orthogonal diameters of the canopy.  

Table 5.1. Average of plant’s height (PH), shoot area (SA), convex hull volume (CH) and 

fresh (FAGB) and dry above-ground biomass (DAGB) weight measured on n samples for 

each species at different destructive sampling dates (DAS). 

Species 
Sampling Date  

(DAS) 

Sample 

Size 

𝐏𝐇̅̅ ̅̅  

(cm) 

𝐒𝐀̅̅̅̅  

(cm2) 

𝐂𝐇̅̅ ̅̅  

(dm3) 

𝐅𝐀𝐆𝐁̅̅ ̅̅ ̅̅ ̅̅  

(g) 

𝐃𝐀𝐆𝐁̅̅ ̅̅ ̅̅ ̅̅  

(g) 

Maize 

26 3 32.49 145.24 15.99 5.76 0.43 

33 3 51.74 302.58 55.05 14.82 1.36 

40 3 63.63 569.10 90.12 32.36 2.73 

47 3 64.37 939.12 136.16 52.18 5.07 

54 3 63.20 1005.95 122.82 60.91 6.17 

61 5 71.23 903.91 176.32 80.01 9.02 

Tomato 

26 3 7.15 98.01 0.76 3.08 0.26 

33 3 13.67 434.48 7.03 18.76 1.53 

40 3 21.85 1085.29 19.89 52.96 4.63 

47 3 27.48 2340.30 48.96 135.26 10.53 

54 3 32.79 3354.62 65.96 245.07 20.11 

61 5 34.66 4586.22 96.77 396.12 33.40 

5.2.4. Plant biomass estimation 

To estimate biomass accumulation from image-derived phenotypic traits, two 

allometric equations (Equation (5.5)-Lopez et al., 2017; Equation (5.6)-Golzarian et 
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al., 2011) were used. These models accounted for the increase in biomass allocation 

to the different plant organs as a size-dependent mechanism, ultimately controlled 

by the canopy development (Enquist and Bentley, 2012). Accordingly, the plant 

biomass was computed as a linear function of  𝑃�̂�, 𝑆�̂� and 𝐶�̂� in Model 1 (M1), and 

of 𝑆�̂� and 𝑆�̂� ∗ 𝐷𝐴𝑆 in Model 2 (M2). First, each model was calibrated using 

reference data collected across all the sampling dates (i.e., 26, 33, 40, 47, 54 and 61 

DAS). In this context, model coefficients (𝑎0, 𝑎1 and 𝑎2) were determined by 

nonlinear least-squares based on the relative-offset convergence criterion (Bates and 

Watts, 1988), placing the initial estimates for the values of 𝑎0, 𝑎1 and 𝑎2 equal to 

zero, as reported in Johnson and Faont (1992). In order to test the effectiveness of a 

significant reduction in the number of destructive samplings without altering the 

quality of the estimates, each model was also calibrated using solely the data sampled 

at the end of experiments (i.e., 61 DAS). Finally, the calibrated models were applied 

to estimate the daily biomass accumulation of all samples during the entire course of 

the experiment (from 26 to 61 DAS).  

𝑀1𝑦 = (𝑎0 ∗ 𝑃�̂�) + (𝑎1 ∗ 𝑆�̂�) + (𝑎2 ∗ 𝐶�̂�) (5.5) 

𝑀2𝑦 = 𝑎0 + (𝑎1 ∗ 𝑆�̂�) + (𝑎2 ∗ 𝑆�̂� ∗ 𝐷𝐴𝑆) (5.6) 

where y is the biomass (FAGB or DAGB) while 𝑎0, 𝑎1 and 𝑎2 are the coefficients of 

the model. The coefficients 𝑎0, 𝑎1 and 𝑎2 were estimated using the nonlinear least-

squares approach of Bates and Watts (1988) based on the observed measurements at 

6 (i.e., 26, 33, 40, 47, 54 and 61 DAS) and 1 (i.e., 61 DAS) destructive sampling 

date.  

5.2.5. Statistical analysis 

The coefficient of determination (R2, Equation (5.7)), the relative Root Mean 

Square Error (rRMSE, Equation (5.8)) and the Akaike Information Criterion (AIC, 

Equation (5.9)) indexes were used to evaluate the performances of each method in 

determining the main phenotypic parameters and biomass accumulation of the 

selected plant species. The estimation accuracy was considered excellent if rRMSE 

≤ 10%, good if 10% < rRMSE ≤ 20%, fair if 20% < rRMSE ≤ 30% and poor if 

rRMSE > 30%, according to Despotovic et al. (2016). Moreover, a t-test was 

included to explore the significance (p-values ≤ 0.05) of the contribution of each 

coefficient. 
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R2 =  
∑ (𝑂𝑖 − 𝑃𝑖)2𝑛

𝑖=1

∑ (𝑂𝑖 − �̅�)2𝑛
𝑖=1

 (5.7) 

 rRMSE =  
[∑

(𝑃𝑖 − 𝑂𝑖)2

𝑛
𝑛
𝑖=1 ]

0.5

�̅�
 ×  100 

(5.8) 

AIC = 2𝑘 − 2 ln(�̂�) (5.9) 

where Oi and Pi are the observed and simulated value-i, respectively, �̅� is the average 

of the observed values, n is the number of observations, k is the number of estimated 

parameters in the model and �̂� is the maximum value of the likelihood function for 

the model.  

5.3. Results 

5.3.1. Evaluation of phenotypic traits extraction accuracy 

In general, all the phenotyping methods tested in this study provided reliable 

accuracies of maize and tomato plant height (𝑃�̂�; R2̅̅ ̅ = 0.98, rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 7.73% and 

AIC̅̅ ̅̅ ̅ = 477.09), shoot area (𝑆�̂�; R2̅̅ ̅ = 0.91, rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 29.53% and AIC̅̅ ̅̅ ̅ = 1363.18) and 

convex hull volume (𝐶�̂�; R2̅̅ ̅ = 0.88, rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 27.32% and AIC̅̅ ̅̅ ̅ = 822.20) when 

compared to relevant observed measurements (Figure 5.2). Accordingly, the overall 

growth trajectories of these parameters were well described over time (Figure S5.1). 

On average, the 2D image analysis and MVS-SfM 3D-reconstruction achieved 

similar performances in retrieving the growth pattern of all species and traits 

throughout the experiment (i.e., 26-61 DAS; Table 5.2). However, the MVS-SfM 

3D-reconstruction performed better than 2D-imagery in reproducing the architecture 

of tomato plants (17.74% lower rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅), while it obtained analogue results for 

maize (1.41% lower rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ ). In particular, the accuracy in 𝑆�̂� extraction from the 

analysis of 2D-images decreased from maize (good accuracy) to tomato (fair 

accuracy), while there were no differences between species in 𝑃�̂� (always excellent 

accuracy) and 𝐶�̂� (always fair accuracy) estimations. On the other hand, the 

performances of the MVS-SfM 3D-reconstruction remained unchanged in 𝑃�̂� 

(always excellent accuracy) and 𝑆�̂� (always fair accuracy) fits, but a 30.28% higher 

rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ was obtained in 𝐶�̂� when passing from tomato (good accuracy) to maize 

(fair accuracy). 
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Figure 5.2. Comparison of the observed maize and tomato samples’ height (PH), shoot area 

(SA) and convex hull volume (CH) with the relevant values derived from 2D image analysis, 

MVS-SfM reconstruction and SL 3D-scanning models at the destructive sampling dates (26, 

33, 40, 47, 54 and 61 DAS). The black line represents the 1:1 line. 

Such differences were more evident when comparing the performances of the 

three data acquisition methods (Table 5.2), including 2D image analysis, MVS-SfM 

3D-reconstruction and SL 3D-scanning, in reproducing the canopy architecture of 

maize and tomato at the most advanced growth stage (i.e., 61 DAS). In summary, 

the SL 3D-scanning showed the overall highest accuracy compared to 2D- and MVS-

SFM 3D-imagery in retrieving maize traits, while the 2D image analysis and MVS-

SfM 3D-reconstruction gained more positive results than the SL 3D-scanning for 

tomato. Accordingly, all the growth parameters were better reproduced in maize 

(rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 12.95%) than in tomato models (rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 24.58%) when acquired under 

structured light. Similarly to what was observed throughout the experiment (i.e., 26-

61 DAS), the 2D-imagery performed better for maize at 61 DAS, while MVS-SfM 

3D-reconstruction was slightly more accurate when reproducing fully developed 

canopies of tomato. Specifically, if no differences were found in the accuracy of 𝑃�̂� 

extraction from the SL 3D-scanning between plant species (always excellent 

accuracy), the estimation error of 𝑆�̂� and 𝐶�̂� considerably increased from maize 

(good accuracy) to tomato (fair and poor accuracy, respectively). Likewise, the 𝑃�̂� 

was derived from the analysis of 2D images always with excellent accuracy, while 
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biases in the extraction of 𝑆�̂� and 𝐶�̂� were lower for maize (fair accuracy) than for 

tomato (fair accuracy). For the MVS-SfM 3D-reconstruction method, there were no 

differences in 𝑃�̂� (always excellent accuracy) and 𝑆�̂� (always fair accuracy) 

estimates between species, while the accuracy in 𝐶�̂� reproduction decreased from 

tomato (good accuracy) to maize (fair accuracy).  

Table 5.2. Average R2, rRMSE and AIC values for maize and tomato samples’ height (PH, 

cm), shoot area (SA, cm2) and convex hull volume (CH, dm3) derived from 2D image 

analysis, MVS-SfM 3D-reconstruction and SL 3D-scanning models at the destructive 

sampling dates (26, 33, 40, 47, 54 and 61 DAS).  

Technology DAS Trait 
Maize  Tomato 

𝐑𝟐̅̅̅̅  𝐫𝐑𝐌𝐒𝐄̅̅ ̅̅ ̅̅ ̅̅ ̅̅  𝐀𝐈𝐂̅̅ ̅̅ ̅  𝐑𝟐̅̅̅̅  𝐫𝐑𝐌𝐒𝐄̅̅ ̅̅ ̅̅ ̅̅ ̅̅  𝐀𝐈𝐂̅̅ ̅̅ ̅ 

2D image 

analysis  

26-61 PH 0.88 9.22% 127.24  0.97 6.92% 83.05 

26-61 SA 0.91 17.04% 250.78  0.92 23.70% 311.11 

26-61 CH 0.85 24.96% 468.30  0.93 26.53% 429.43 

MVS-SfM 3D-

reconstruction 

26-61 PH 0.95 5.64% 110.67  0.99 4.72% 67.78 

26-61 SA 0.86 20.65% 259.45  0.91 24.40% 314.36 

26-61 CH 0.89 25.66% 462.73  0.96 17.89% 421.51 

 
2D image 

analysis 

 

61 PH 0.97 7.53% 31.73  0.88 2.72% 9.42 

61 SA 0.92 18.21% 62.60  0.22 20.98% 86.72 

61 CH 0.89 16.07% 49.54  0.11 21.03% 42.28 

MVS-SfM 3D-

reconstruction 

 

61 PH 0.99 3.01% 15.80  0.94 1.66% 5.22 

61 SA 0.48 20.51% 72.18  0.29 22.93% 86.20 

61 CH 0.89 20.81% 49.46  0.26 13.89% 41.37 

SL 3D-scanning 

 

61 PH 0.96 4.44% 28.53  0.07 8.16% 28.65 

61 SA 0.72 15.23% 69.06  0.01 27.06% 87.94 

61 CH 0.90 19.18% 122.02  0.47 38.52% 120.11 

5.3.2. Biomass prediction ability 

In general, the predictive models applied in this study (M1 and M2) resulted in 

accurate estimates of FAGB (Table 5.3) and DAGB (Table S5.2) weights 

throughout the experiment (i.e., 26-61 DAS). Specifically, the M1FAGB model 

performed worse than M2FAGB (R2̅̅ ̅ = 0.94 vs 0.97, rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 21.21% vs 13.08% and 

AIC̅̅ ̅̅ ̅ = 172.27 vs 133.02, respectively), as also observed for M1DAGB and M2DAGB 

(difference in rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ of 37.64%, on average). In this context, the M2FAGB;DAGB 

models derived from 2D image analysis dataset were the most appropriate for 

maize predictions (R2̅̅ ̅ = 0.98, rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 10.75% and AIC̅̅ ̅̅ ̅ = 78.15), while the MVS-

SfM 3D-reconstruction method provided the best estimates for tomato (R2̅̅ ̅ = 0.99, 

rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 9.41% and AIC̅̅ ̅̅ ̅ = 122.92).  

 



Chapter 5. A comparison of phenotyping methods for biomass estimation 

 

92 

 

Table 5.3. Performance evaluation (R2, rRMSE and AIC) of the M1 (Equation (5.5)) and M2 

(Equation (5.6)) models derived from each tested imaging method (2D image analysis, MVS-

SfM 3D-reconstruction and SL 3D-scanning) in estimating maize and tomato fresh above-

ground biomass (FAGB) weight at the destructive sampling dates (26, 33, 40, 47, 54 and 61 

DAS) from the predicted regression coefficients (a0, a1 and a2). Asterisks indicate statistically 

significance of each biomass predictive coefficient according to t-test (*: p ≤ 0.05; **: p ≤ 

0.01; ***: p ≤ 0.001). Non-significant coefficients (p > 0.05) were removed from the 

regression model (-). 
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On the contrary, the performances of M1FAGB;DAGB and M2FAGB;DAGB models in 

predicting the maize and tomato biomass at the most advanced growth stage (i.e., 61 

DAS) were quite similar between the three imaging methods (Tables 5.3 and S5.2). 

However, M1FAGB;DAGB model showed the highest accuracies in predicting maize 

biomass based on the MVS-SfM 3D-reconstruction (23.57% lower rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ than in 

M2FAGB;DAGB) and SL 3D-scanning (44.96% lower rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ than in M2FAGB;DAGB), 

while the M2FAGB;DAGB was preferable for 2D image analysis (6.98% lower rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ 

than in M1FAGB;DAGB). In tomato experiments, no substantial differences were 

detected between the accuracy of M1FAGB;DAGB and M2FAGB;DAGB derived from 2D 

image analysis and MVS-SfM 3D-reconstruction methods (always excellent 

accuracy but low correlation), while M1FAGB;DAGB based on SL 3D-scanning features 

increased by 85.23% the accuracy of M2FAGB;DAGB model (from good to excellent 

accuracy).   

The error of the generalized FAGB and DAGB predictive models (Figure S5.2A 

and B) decreased by 29.32% and 24.41% from M1 (fair accuracy) to M2 (good 

accuracy), respectively. For both general models, the points were arranged on the 

1:1 line (R2̅̅ ̅ = 0.96, rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 21.04% and AIC̅̅ ̅̅ ̅ = 616.93) with more consistent 

deviations the greater the biomass accumulation. In particular, we observed an 

overfitting tendency in the estimation of tomato FAGB and DAGB using 2D image 

analysis and MVS-SfM 3D-reconstruction methods, which then resulted in an 

overall underfitting at the most advanced stages of growth. Furthermore, the tomato 

FAGB and DAGB derived from the SL 3D-scanning was overestimated in M1, as 

opposed to the M2 model which showed lower values compared to the observed 

data. 

The FAGB (Figure 5.3) and DAGB (Figure S5.3) weights estimated daily by 

the M2 model (calibrated at 26, 33, 40, 47, 54 and 61 DAS) were closer to the 

roughly exponential pattern of the observed data than the M1-derived fits (R2̅̅ ̅ = 0.99 

vs 0.96, rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 20.53% vs 41.07% and AIC̅̅ ̅̅ ̅ = 1996.01 vs 2384.58, respectively), 

regardless of the species and imaging method considered (i.e., 2D image analysis 

and 3D MVS-SfM reconstruction). The M1FAGB;DAGB models generally 

overestimated maize values (rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 16.73%), with increasing errors in DAGB fits 

at intermediate stages of growth (~ 38-58 DAS, rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ > 30.00%). Such differences 

were smoothed by the M2 models, which matched the observed weights of FAGB 

(rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 10.46%) and DAGB (rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 12.11%) throughout the experiment (i.e., 

21-61 DAS). Notably, the M2FAGB;DAGB models derived from the 2D image analysis 

provided the highest performances in estimating the biomass accumulation of maize 

plants (rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 8.97% and 12.10% , respectively) as compared to the MVS-SfM 
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3D-reconstrution (rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 11.76% and 12.11% , respectively). Likewise, the M1 

models overfitted tomato FAGB and DAGB until the last days of monitoring (~ 57 

DAS; rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ > 30.00%), when estimates of excellent and good accuracy were 

obtained from the MVS-SfM 3D-reconstruction and 2D image analysis, 

respectively. For both methodologies, the M2FAGB;DAGB models contributed to 

improve the estimates of tomato weights (good accuracy) during all growth stages 

(rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 18.60% at 21-61 DAS). In this context, M2FAGB;DAGB models built with 

the MVS-SfM 3D-reconstruction data gained the best results for tomato (rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 

6.70% and 8.24%, respectively) with respect to the 2D image analysis-based fits 

(rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 18.85% and 25.28%, respectively). 

Figure 5.3. Application of the species-specific M1 and M2 predictive models calibrated on 

the reference data collected from 6 destructive samplings (on 26, 33, 40, 47, 54 and 61 DAS) 

and derived from the tested imaging method (2D image analysis and 3D MVS-SfM 

reconstruction) in estimating maize and tomato shoot fresh above-ground biomass (FAGB) 

weight accumulation from 22 to 61 DAS. Each computed data point is represented by the 

average value of the n replicas and the locally weighted error smooth (± standard error), while 

dashed line is the observed accumulation trend between the average value of each destructive 

sampling data (± standard error reported in the error bars). 

As expected, the accuracy of M1 and M2 models in approximating the daily 

FAGB (Figure 5.4) and DAGB (Figure S5.4) decreased when calibrated 

exclusively on the last sampling date (i.e., 61 DAS). In particular, both the 

predictive models derived from the tested methodologies (i.e., 2D image analysis, 

3D MVS-SfM reconstruction and SL 3D-scanning) approximated the daily FAGB 
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accumulation of both species with poor accuracy (rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ > 30.00%), as opposed 

to what observed for the daily estimates of DAGB from M1 and M2 (R2̅̅ ̅ = 0.95 vs 

0.96, rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 25.94% vs 23.42% and AIC̅̅ ̅̅ ̅ = 3827.86 vs 3724.56, respectively). 

In maize, the M2FAGB;DAGB resulted slightly more accurate than M1FAGB;DAGB (rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ 

= 24.25% vs 28.08%), with the 2D image analysis the most performing method 

(rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 12.23%) compared to the MVS-SfM 3D-reconstruction and SL 3D-

scanning (fair and poor accuracy, respectively). Conversely, the M2FAGB;DAGB 

models derived from MVS-SfM 3D-reconstruction were the solely that 

guaranteed accurate estimates of tomato biomass accumulation (rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 9.98%), 

since all others achieved poor accuracy.  

Figure 5.4. Application of the species-specific M1 and M2 predictive models calibrated on 

the reference data collected from 1 destructive sampling (on 61 DAS) and derived from the 

tested imaging method (2D image analysis, 3D MVS-SfM reconstruction and SL 3D-

scanning) in estimating maize and tomato shoot fresh above-ground biomass (FAGB) weight 

accumulation from 22 to 61 DAS. Each computed data point is represented by the average 

value of the n replicas and the locally weighted error smooth (± standard error), while dashed 

line is the observed accumulation trend between the average value of each destructive 

sampling data (± standard error reported in the error bars). 

5.4. Discussion 

This study demonstrated that the effectiveness of three representative 

phenotyping strategies (i.e., 2D image analysis, MVS-SfM 3D-reconstruction and 
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SL 3D-scanning) in quantifying plant morphometric traits and the relevant above-

ground biomass largely depends on the complexity of canopy architecture. The 

tested screening methods showed, in fact, different accuracy in the extraction of the 

main phenotypic traits, including plant’s height (𝑃�̂�), shoot area (𝑆�̂�) and convex 

hull volume (𝐶�̂�), that depended on the type of crop.  

In particular, both 2D- and 3D-imagery were found to be adequate in reproducing 

the 𝑃�̂� of all species at each developmental stage. The accuracy of 𝑃�̂� estimates 

obtained in this paper (error < 10%) is comparable with the performance of other 

2D- and 3D-imaging surveys previously reported for a number of plant species, 

including cereals (Liu et al., 2021c), legumes (Salter et al., 2020), weeds (Andújar 

et al., 2018) and vegetables (Nguyen et al., 2015). Indeed, the height of a plant is a 

clearly visible trait from the boundary of its canopy by resulting  easily measurable 

with imaging techniques regardless of the species morphology (Jiang et al., 2018a; 

Yang and Cho, 2021). Nevertheless, the underestimation of 𝑃�̂� observed in the 

present study for the SL 3D-scanning method may suggests the lower ability of 

active sensors to capture the apical structures of the plant (Liu et al., 2021b). 

Consistent with our results, Martinez-Guanter et al. (2019) showed how maize height 

estimation from active sensing led to slightly higher errors compared to 2D- and 

MVS-SfM 3D-photogrammetry due to the greater difficulty in accurately 

reconstructing the smooth and un-textured end-details of the plant.  

The tested methods also proved effective in detecting both 𝑆�̂� and 𝐶�̂� (error < 

30%), albeit with lower accuracy compared to 𝑃�̂� estimates. Indeed, differently to 

the recovery of outer and unobstructed shapes (e.g., plant height), collecting accurate 

measurements from the inner structures of a plant (e.g., shoot area and volume) is 

limited by the ability of imaging techniques to penetrate deeply into the canopy, 

which decreases as the complexity of shoot architecture increases (Berk et al., 2016; 

Colaço et al., 2018). Accordingly, each of the tested technique revealed different 

performance in handling the 𝑆�̂� and 𝐶�̂� of species with contrasting canopy structure. 

In this context, the 2D image analysis provided better results for plants characterized 

by thin and twisted leaves with lack of surface texture (i.e., maize), which limited 

their accurate 3D-modeling to the early growth stages when the reduced distance 

between the camera and the plant brings more details into the pixel (Das Choudhury 

et al., 2020, 2019; Duan et al., 2016; Lou et al., 2014). Indeed, capturing 2D-images 

above the canopy allowed to better recover the actual extension in width of thinner 

maize organs compared to simple side-views (Liu et al., 2021b), net of distortion and 

framing problems due to the proximity of more elongated plants to the top-view 

camera (Ge et al., 2016b). A similar result was obtained by Brichet et al. (2017), 
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where the number of pixels of top-view images corresponding to maize plants at later 

growth stages was more than double that of side-views, resulting in increased 

accuracy of shoot area and volume estimates over time. Conversely, the accurate 

characterization of more complex canopies (i.e., tomato) required combining images 

from multiple perspectives into a complete plant 3D-model to retrieve inner 

structures hidden by self-occlusions and leaf crossovers (Ohashi et al., 2020). These 

findings are in line with Lati et al. (2013a), who provided evidence that the shoot 

area and volume of cotton plants with an increasing number of overlapped leaves 

may be effectively derived from 3D-models, while the 2D imagery leads to 

erroneous assumptions under varying canopy densities and growth stages. 

Nevertheless, the recognized lower accuracy in stereo matching process occurring 

when canopies with small organs and occluded leaves are scanned in 3D under 

structured light (Nguyen et al., 2016, 2015) negatively affected the estimates of 

tomato 𝑆�̂� and 𝐶�̂� at later growth stages. Such evidence is consistent with the results 

previously reported for maize (Wang et al., 2019b), which showed how the SL 3D-

scanning performs better for plants that have distinct primary structures (e.g., stem 

and leaves) than for samples with more compact habit. As we have also shown for 

the estimates of plant height, the ineffectiveness of the SL 3D-scanning in handling 

low-textured surfaces may be considered an additional source of biases for the 

extraction of multiple dimensional traits from younger organs at intermediate stages 

of growth, according to Paulus et al. (2014a). Together, the strong dependence of the 

measurements’ accuracy of active systems on the sensor-object distance 

(Khoshelham and Elberink, 2012; Mankoff and Russo, 2013) could explain the 

generalized 𝑆�̂� and 𝐶�̂� underpredictions recorded after the first experimental stages, 

when it was necessary to gradually move the optical sensor away from the target-

canopy to comprehensively include the entire plant in the framing region. 

Additionally, it should be noted that the SL 3D-scanning needs longer preparing time 

than the other imagery techniques for appropriate accuracy in any data acquisition 

(Nguyen et al., 2017; Paturkar et al., 2021; Sun et al., 2014a), which reduced the 

throughput of our phenotyping surveys.  

In this study, the lower the error in estimating morphometric traits, the greater 

the accuracy in predicting the fresh/dry AGB accumulation of maize and tomato 

plants during the growth cycle, further emphasising that allometric approaches 

significantly benefit from the faithful measurement of the phenotypic parameters 

used as predictors (Bustos-Korts et al., 2019). Accordingly, the higher accuracy of 

the tested techniques in reproducing the main canopy features solved the 

uncertainness of other imaging systems previously applied in modelling the AGB of 

a wide range of plant species, including barley (Bendig et al., 2014), wheat (Jimenez-
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Berni et al., 2018; Lu et al., 2019) and weeds (Wijesingha et al., 2019). This confirms 

that advanced imaging techniques capable of more strictly modelling the plant 

silhouette play a fundamental role in reducing the error for biomass estimation (Jiang 

et al., 2018b; Yan et al., 2019). Here, the accurate measurement of the 𝑆�̂� showed a 

notable improvement in the fresh/dry AGB prediction compared to phenotypic traits 

less adherent to the plant’s shape. Indeed, the performance of 𝑃�̂� for biomass 

estimation might have been limited by the stabilization of plant elongation at later 

developmental stages, in contrast to the continuous expansion of the canopy 

(Montagnoli et al., 2016). Furthermore, 𝐶�̂� may has generated overestimations of 

the plant volumetric occupancy as it included redundant information about empty 

voids inside the canopy (Caruso et al., 2019; Das Choudhury et al., 2020). Under this 

circumstance, the use of plant age (DAS) as an additional input of the predictive 

model largely overcome the bias in AGB estimates due to the neglect of the 

developmental dynamics of canopy formation. Indeed, the daily weight/shoot area 

rate of seedlings grown under controlled conditions is typically characterized by a 

rapid exponential increase before being saturated in the maturity stages (not 

completely reached in this study) by the heavy mutual shading of leaves (Kozai et 

al., 2018). A similar result was obtained in previous studies on barley and wheat 

(Golzarian et al., 2011; Rahaman et al., 2017), where the combination between 

image-derived information on canopy architecture (e.g., projected shoot area) and 

the plant age was identified as the most valuable proxy for AGB accumulation. 

Accordingly, the robustness of the model was further emphasized by its capacity to 

accurately retrieve the fresh/dry biomass trajectories when fed uniquely with the 

plant shoot area sampled on the last day of monitoring. This implies that imaging 

techniques could be exploited to non-destructively monitor the growth dynamics of 

individual plants across multiple species, relying on a single destructive sampling at 

harvest time for parameterization of the relevant biomass/yield predictive model. 

Looking at these considerations, we highlighted how specific methods should be 

selected for image-based estimation of fresh/dry biomass accumulation depending 

on their potential in accurately reproducing the plant shoot area over the growing 

cycle. In particular, the 𝑆�̂� extracted by analysing 2D images can be effectively used 

in multiple- or one-day calibrated models for estimating the fresh (R2̅̅ ̅ = 0.99 vs 0.99 

and rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 8.98% vs 9.36%, respectively) and dry (R2̅̅ ̅ = 0.98 vs 0.98 and 

rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 12.10% vs 16.03%, respectively) AGB of more elongated plants with 

spaced, thin leaves (e.g., maize). By contrast, the MVS-SfM 3D-reconstruction of 

more complex architectures characterised by overlapped and self-occluded leaves 

within the canopy (e.g., tomato) is advantageous in multiple- or one-day calibrated 
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model for predicting the fresh (R2̅̅ ̅ = 0.99 vs 0.99 and rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 6.70% vs 7.52%, 

respectively) and dry (R2̅̅ ̅ = 0.99 vs 0.99 and rRMSE̅̅ ̅̅ ̅̅ ̅̅ ̅ = 8.24% vs 15.82%, 

respectively) shoot weight. Finally, the lengthy calibration procedure required 

whenever the viewing angle of the camera-projector pair has to be adapted to the 

shape of the target plant must be considered as a major limiting factor in the choice 

of the SL 3D-scanner for inferring the biomass accumulation in a high-throughput 

manner.  

These results reflect the frameworks used for the present research, and 

alternative data acquisition strategies could lead to more effective biomass estimates 

based on the accuracy needed for specific applications. It is noteworthy that an 

increase in the number and quality of images acquired to generate plant models 

positively affects the measurement accuracy of morphometric traits related to 

biomass accumulation, including the plant shoot area, but at the expense of 

throughput (Rossi et al., 2020). Similarly, adding cameras which capture the plant’s 

shape from additional angles may provide greater accuracy in biomass estimates by 

retrieving deeper information within the canopy (Nguyen et al., 2016), with a 

simultaneous increase in system configuration and time requirements (Gaillard et al., 

2020b). To address these shortcomings, other 3D-scanning techniques, such as 

LiDAR and Terrestrial Laser Scanning, offer a potential solution for rapid and 

accurate quantification of the plant’s structure and biomass accumulation across its 

growth cycle, albeit with higher cost and no color information (Jimenez-Berni et al., 

2018; Wang et al., 2019b). In this view, the integration of multi-view RGB camera(s) 

and low-cost active sensors in novel, efficient imaging systems may be tested for a 

complete phenotyping analysis that includes accurate measurements of both plant 

3D-geometry and color-derived traits (Guan et al., 2018; Jin et al., 2021).   

5.5. Conclusions 

In order to guide breeders and researchers in choosing the best suited data 

acquisition approach for the effective image-based estimation of biomass 

accumulation, the performances of three representative high-throughput 

phenotyping approaches on potted plant species with contrasting canopy architecture 

were compared in this study. The results demonstrated that 2D image analysis, MVS-

SfM 3D-reconstruction and SL 3D-scanning methods can be assumed a solid basis 

for accurately inferring the fresh and dry above-ground biomass of maize and tomato 

plants at early growth stages from image-derived morphometric traits. In particular, 

the accurate dissection of the canopy’s concave shape, with the age of the plant as 
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an additional input, significantly reduced estimation biases for all the species and 

growth stages considered. However, the influence of the canopy’s architecture 

complexity on imaging accuracy was instrumental in selecting the appropriate 

phenotyping strategy for specific target plants. Based on the case study, the 2D image 

analysis exhibited better performance for taller plants characterized by thin organs 

(i.e., maize), while the MVS-SfM 3D-reconstruction was necessary to retrieve the 

innermost biomass of more compact canopies with an increasing number of 

overlapped leaves (i.e., tomato). Although the SL 3D-scanning provided reliable 

estimates of plants with explicit surface textures, this method cannot be considered 

appropriate for breeding trials with thousands of plots due to the calibration time 

required prior to measurements.  

As a matter of fact, image-based strategies that save time without affecting 

estimation accuracy are increasingly fostering the widening of high-throughput 

phenotyping to a range of practical applications. On this basis, positive screening of 

mature plants with more complicated structural properties could make the 

methodologies selected through this study a benchmark even for very detailed 

estimates of crop yields. To face the challenge of meeting future demand for 

agricultural production, synergism efforts should be made to integrate time-series 

measurements from different sensing facilities that compensate for each other's 

phenotyping drawbacks. Indeed, transferring technological and methodological 

enhancements to future breeding programs will be one of the most important topics 

which could guarantee genetic improvements of crop plants for global food security. 
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6. General conclusions 

The aim of this thesis has been reached through the implementation of a low-

cost and automatic platform employing image-based 3D-modeling for high-

throughput plant phenotyping applications. The platform was successfully tested and 

validated in automatic dissection of growth-representative phenotypic traits of 

different types of crops at different growth stages and under different environmental 

conditions, improving the understanding of plant dynamic responses to exogenous 

factors. The achievement of this overarched aim is supported by the results reported 

in each thesis chapter. 

Specifically, Chapter 3 proved that the proposed low-cost system of this PhD 

thesis can faithfully capture the 3D-architecture of both herbaceous (i.e., maize and 

tomato) and tree plants (i.e., olive tree) using a much more flexible configuration 

than in other conventional phenotyping facilities. In this context, while the best 

performances in plant 3D-modeling are achieved by processing a large number of 

images at the highest resolution, the adoption of more efficient input combinations 

depends on the geometric structure of both holistic and component target-

phenotypes. Specifically, the accurate reconstruction of complex canopies (e.g., 

olive tree) highlights the need of higher-quality images from multiple perspectives 

to capture inner structures occluded by overlapping organs, compared to the less 

demanding reproduction of more distinct architectures (e.g., maize and tomato). 

Likewise, images at higher resolution are required to reconstruct small organs with 

irregular shapes (e.g., curling-down leaves), as a function of the straight dependence 

between the target size and the pixel. Based on these findings, we propose 30 images 

at 4.88 µm/pixel as the most efficient combination for optimizing the reconstruction 

of relevant phenotypes in plant species with contrasting canopy structures. This 

reference will be beneficial for further practical applications of high-throughput 3D-

modeling that are currently inaccessible due to the slowness of the plant 

reconstruction process. In this optic, the proven potential of the proposed platform 

to quickly collect complete phenotypic information promotes its usability in the early 

detection of abiotic and biotic stresses, for which continuous and accurate 

monitoring of plant morpho-physiological dynamics is paramount.  

Under this circumstance, the implementation of a new algorithm for automatic 

plant 3D-modeling and segmentation showed successful extractions of organ-scale 

phenotypic data when integrated with the imaging platform (Chapter 4). The 

application of the phenotyping methodology for the plant monitoring on a daily scale 

allows to identify the onset of water stress at early developmental stages. In 
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particular, capturing the evolution of canopy architecture might be a promising tool 

in differentiating both morphometric and physiological responses of plants to 

progressive soil drying. Based on our results, plant height is the most responsive trait 

to water stress in tomatoes, as the stabilization of the daily growth rate after ~ 11 

days from the treatment imposition has demonstrated. Such differences become more 

evident in tomato cultivars characterized by a rapid growth of the canopy, by 

resulting in a more conservative balance between water-losing and water-absorbing 

organs with respect to poorly developed genotypes. In this context, the Fraction of 

Transpirable Soil Water (FTSW) threshold for decline in the plant growth rate (~ 

0.58 FTSW) clearly differentiates between adaptive strategies of tomato cultivars to 

better compensate for the scarcity of soil moisture, by providing insights into the 

timing of plants responses in function of their developmental status (~ 8 to 10 days 

of delay in slow-growing genotypes). Thus, this study confirmed that the proposed 

phenotyping pipeline could be exploited as a selection tool for quickly breeding more 

drought tolerant tomato cultivars, also assisting in developing new systems for 

timely and precise irrigation scheduling based on the actual water requirements of 

the crop in the field.   

Finally, the comparison with the performances of other existing imaging stations 

(i.e., LemnaTec® Scanalyzer and the HP® David SLS-3) demonstrated the usefulness 

of the implemented platform in the dynamic quantification of the main plant growth 

traits for the non-destructive estimation of the above-ground (AGB) biomass  

accumulation (Chapter 5). The findings suggest that greater precision in fresh/dry 

biomass phenotyping results from the accurate retrieval of relevant morphometric 

predictors, promoting the plant shoot area as the major phenotypic determinat of 

maize and tomato AGB outcome. In this context, the high-resolution scanning from 

multiple viewing angles of complex canopies is pivotal for the faithful description 

of the surface occupied by the innermost organs, while a simpler imaging framework 

is sufficient for reproducing the spatial occupancy of more distinct structures (e.g., 

maize). Accordingly, the phenotyping platform proposed in this thesis is 

advantageous over the other existing approaches to characterize the shoot area of 

compact architectures with lots of overlapped leaves (e.g., tomato), which can be 

effectively used as a proxy for fresh/dry biomass accumulation. Thus, the proposed 

methodology has a great potential for determining further important image-based 

features of mature plants with increased architectural complexity. This would be 

helpful in advancing our views of phenotypic determinants underlying yield 

potential under different environmental conditions.  

This research offers a new meaningful approach towards next-generation 

phenomics to support plant breeding and farming in target environments. However, 
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future efforts should be focused on improving the throughput of the proposed 

pipeline by upgrading both hardware and software components to further underpin 

continued advances in plant genomics aimed at enhancing agricultural production. 

In this context, the capacity of the platform could be easily augmented by extending 

the number of rotating plates for simultaneous scanning of multiple samples. Hence, 

installing affordable optical encoders could be employed to increase automation in 

camera positioning through the accurate communication with a non-predefined 

number of rotary units. Moreover, the platform may be equipped with additional 

cameras (e.g., top-view) to cope with current framing limitations of plants with more 

developed canopies. This could allow for the phenotyping of a wider variety of 

genotypes, including mature plants with elongated and complex architectures. The 

further integration of the platform with multiple sensors figured to monitor the 

environmental conditions surrounding the plant is expected to broaden the 

investigation of morpho-physiological responses to a wide range of exogenous 

stressors. To this end, the inclusion of automatic modules for a treatment’s 

distribution (e.g., water, salt and fertilizer) calibrated to the actual nutritional 

requirements of individual plants should be considered. Such modular and 

customizable design can be adapted to the majority of existing indoor facilities but 

also integrated with tractor-based systems for infield applications. In this context, 

the strong dependence of the current RGB-module on the varying light conditions 

occurring in the natural environment can be solved by mounting onboard a portable 

darkroom or by testing other imaging sensors less susceptible to the sunlight (e.g., 

LiDAR).  

Additionally, more efficient image-based 3D-modeling strategies should be 

implemented to increase the potential for transferring high-throughput phenotypic 

data to breeding and/or crop management programs. In particular, novel algorithms 

should be developed for the unsupervised 3D-reconstruction of different plant 

species so as to improve the iterability of existing commercial software (e.g., Agisoft 

PhotoScan®) that still provides for the manual management of input images. This 

would also increase the cost effectiveness of the proposed phenotyping pipeline, 

avoiding the purchase of enterprise software licenses which are often too expensive 

especially for non-academic users. Under this perspective, the integration and 

enhancement of recently developed free, open-source photogrammetry software 

(e.g., Meshroom®, Regard3D® and VisualSFM®) and/or web-based services 

enabling the quick download of image-derived 3D-data (inspired, e.g., by Arc3D®, 

My3DScanner® and Photosynth®) could be considered a well-suited solution. 

Alternatively, real-time 3D-scanning systems already tested for other more 

expensive technologies (e.g., LiDAR- and SL-based sensing) could be adapted to 
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our platform. In this perspective, future studies should focus on comparing the 

performance of the proposed 3D-reconstruction approach to other available 

procedures in terms of accuracy, processing-time and cost. The obtained plant 3D-

models may be processed with the segmentation algorithm presented in this thesis, 

thus overcoming the remaining challenge of complete automation in high-

throughput data acquisition and analysing. To increase and facilitate adoption, our 

algorithm will be soon publicly available as a stand-alone MATLAB®-based tool 

(relieving the need for MATLAB® licenses) and subsequently converted into free 

and open-source programming language (e.g., JavaScript®, Python® or C++®). In this 

context, including color- and features-based machine learning techniques as 

computational inputs could provide additional phenotypic information (e.g., the area 

of diseased or necrotic organ) for the automatic detection, classification and 

quantification of symptoms caused by biotic and abiotic stresses. As a next step, a 

detailed and real-time analysis of such morpho-physiological evidence could be 

employed to raise alarms on nutritional, environmental or pathological issues once 

critical threshold limits are reached. This could provide new insights for elucidating 

the mechanisms governing plant phenotypic plasticity by accomplishing the goal of 

selecting high-yielding, more resilient crop varieties and supporting decision-

making procedures infield under changing climate scenarios.
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Supplementary Material I 

3. Performances evaluation of a low-cost platform for 

high-resolution plant phenotyping 

Tables 
 

Table S3.1. Purchase prices (in € and $) of single-components used for the realization of (a) 

engine control module (including platform's main structure and 10 rotating plates), (b) data 

logger module and (c) data acquisition module. The EURUSD exchange was made with 

reference to the conversion factor of 07/05/2020. 

a Component Quantity Price per unit (€) Price (€) 

 NEMA 17 Stepper Motor JK42HM 10 12.30 123.00 

 Ball Bearing 70*90*10 10 10.35 103.50 

 Thrust Bearing 35*62*18 10 4.13 41.26 

 Voltage Regulators LM7805 10 1.00 10.00 

 Switches 40 0.25 10.00 

 DRV8825 Motor Drivers 10 2.70 27.00 

 GT2 Belt 5m + GT2 Pulley 16 Teeth 1 14.56 14.56 

 Aluminum tubes 2 9.00 18.00 

 Rectangular Profile 1 11.80 11.80 

 Ceramic Capacitor 0.33uF 10 0.30 3.00 

 Ceramic Capacitor 0.10uF 10 0.28 2.80 

 3D-printing of Plates 20 14.50 290.00 

 
Logic Gates HCF401068E - 

SN74HC11N 
20 1.00 20.00 

 Connectors JST 5pin M/F 10 1.00 10.00 

 Connectors JST 2pin M/F 10 1.00 10.00 

   Total (€) 694.92 

   Total ($) 758.06 

 

b Component Quantity Price per unit (€) Price (€) 

 Arduino Nano V3.0 2 5.34 10.67 

 Voltage Regulators LM7805  2 0.50 1.00 

 4N35 Optocoupler 1 1.50 1.50 

 DS1307 Real Time Clock Module 1 1.35 1.35 
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Table S3.1b. Continued 

b Component Quantity Price per unit (€) Price (€) 

 Battery CR2032 3V  1 1.00 1.00 

 Shutter Release Cable Nikon 1 5.71 5.71 

 Ceramic Capacitor 0.33uF 2 1.50 3.00 

 Ceramic Capacitor 0.10uF  2 1.40 2.80 

 Electrical Capacitor 220 uF  2 1.00 2.00 

 Resistances 150 Ohm 10 0.25 2.50 

 SD Card Reader 1 1.50 1.50 

 Nrf24l01+ 1 1.00 1.00 

 PCB 1 3.00 3.00 

 Jack Connector 2.5mm F 1 4.00 4.00 

 Connectors JST 2pin M/F 1 1.00 1.00 

 Connectors JST 5pin M/F 1 1.00 1.00 

   Total (€) 43.03 

   Total ($) 46.94 

 

c Component Quantity Price per unit (€) Price (€) 

 PCB Electronic Board 10 3.41 34.11 

 Transistor NPN MMBT3904 10 0.55 5.47 

 Transistor PNP MMBT3906 20 0.27 5.47 

 Connector JST 1.5mm ZH 2pin 20 0.53 10.69 

 Capacitor 2.2 uF 10 0.42 4.22 

 DS3231 RTC 10 2.40 23.96 

 Atmega328P_PU 10 2.33 23.30 

 BME_280 Sensor T-P-U 10 5.00 49.98 

 USB Port F 20 0.72 14.49 

 Slot 18650 (Battery case) 10 2.05 20.48 

 Capacitor 470 pF 20 0.22 4.30 

 Resistances T1 10 0.01 0.14 

 Resistances T2 10 0.01 0.14 

 Resistances T3 10 0.01 0.14 

 Resistances I2c 20 0.01 0.14 

 Micro-USB Port F 20 0.39 7.80 

 Oscillator 16Mhz 10 0.18 1.76 

 Diode ln5819 10 0.21 2.12 

 Socket 28 Pin 10 0.27 2.67 
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Table S3.1c. Continued 

c Component Quantity Price per unit (€) Price (€) 

 Hx711 ADC 24 Bit 10 0.94 9.42 

 Mini-photovoltaic Cell 10 5.06 50.60 

 2.54mm Pin M 220 0.02 3.47 

 2.54mm Pin F 220 0.01 2.15 

 Soil Humidity Sensor 10 1.35 13.49 

 Regolatore DC/DC MIC5205-5Y 10 0.30 2.95 

 Regulator DC/DC MIC5205-3.3Y 10 0.30 2.96 

 Nrf24l01+ 10 1.50 15.00 

 
Litio SAMSUNG INR 18650 

2500MAh 
20 0.70 13.90 

 Capacitor 22 pF 20 0.10 2.00 

 Weight Scale 10 12.00 120.00 

 Box 10 2.00 20.00 

   Total (€) 467.32 

   Total ($) 509.78 
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Figures 

Figure S3.1. Illustration of the phenotyping platform’s design implemented during the PhD 

program. (a) Close view of a rotary plate with pre-printed engine control module. (b) Data 

acquisition module for automatic monitoring the single-plant transpiration rate: a weighing 

scale on which the rotary plate is placed, a soil moisture sensor to be inserted in the pot and 

a temperature and humidity sensor module. (c) Overview of the platform, constituting of 

rotary plates and the sliding system. (d) Camera tilt regulator for the flexible plant scanning 

from different heights and angles. (e) Camera movement in sync with multi-plates' rotation. 
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Supplementary Material II 

4. Implementation of an algorithm for automated 

phenotyping through plant 3D-modeling: a practical 

application on the early detection of water stress  

Tables 
 

Table S4.1. Accuracy assessment (Recall, Precision and Fs) of segmentation results for n-

sampled individual organs (stem, petiole and leaf) of all “Saint Pierre” (S), “Costoluto 

Fiorentino” (C), “Reginella” (R) and “Gianna” (G) tomato plants subjected to full-irrigation 

(T100), 50% deficit irrigation (T50) and no-irrigation (T0) during 20 days of monitoring. 

Cultivar 
Water 

Treatment 
Organ 

Sample 

Size 
Recall Precision Fs 

S T0 Stem 60 100% 100% 100% 

S T50 Stem 60 100% 100% 100% 

S T100 Stem 60 100% 100% 100% 

C T0 Stem 60 100% 100% 100% 

C T50 Stem 60 100% 100% 100% 

C T100 Stem 60 100% 100% 100% 

R T0 Stem 60 100% 100% 100% 

R T50 Stem 60 100% 100% 100% 

R T100 Stem 60 100% 100% 100% 

G T0 Stem 60 100% 100% 100% 

G T50 Stem 60 100% 100% 100% 

G T100 Stem 60 100% 100% 100% 

S T0 Petiole 133 71.76% 97.92% 82.82% 

S T50 Petiole 144 67.61% 97.96% 80.00% 

S T100 Petiole 171 70.66% 96.62% 81.66% 

C T0 Petiole 176 77.06% 95.62% 85.34% 

C T50 Petiole 176 79.65% 97.16% 87.54% 

C T100 Petiole 234 89.91% 97.16% 93.39% 

R T0 Petiole 283 89.06% 92.91% 90.94% 

R T50 Petiole 276 92.86% 90.70% 91.76% 

R T100 Petiole 304 91.72% 90.75% 91.23% 

G T0 Petiole 249 91.97% 100% 95.82% 

G T50 Petiole 242 90.00% 99.08% 94.32% 
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Table S4.1. Continued 

Cultivar 
Water 

Treatment 
Organ 

Sample  

Size 
Recall Precision Fs 

G T100 Petiole 247 90.72% 95.56% 93.07% 

S T0 Leaf 168 98.80% 98.80% 98.80% 

S T50 Leaf 190 100% 98.95% 99.47% 

S T100 Leaf 219 99.54% 99.08% 99.31% 

C T0 Leaf 215 100% 97.21% 98.58% 

C T50 Leaf 211 100% 98.10% 99.04% 

C T100 Leaf 257 100% 95.33% 97.61% 

R T0 Leaf 312 100% 94.23% 97.03% 

R T50 Leaf 294 100% 91.84% 95.74% 

R T100 Leaf 327 100% 91.16% 95.37% 

G T0 Leaf 269 100% 100% 100% 

G T50 Leaf 266 100% 99.25% 99.62% 

G T100 Leaf 269 100% 96.28% 98.11% 

 

Table S4.2. Average R2, RMSE, MAPE and AIC values for n-sampled plant height (PH), 

petioles inclination (PI), single-Leaf Area (LA) and single-leaf angle (LI) of all “Saint Pierre” 

(S), “Costoluto Fiorentino” (C), “Reginella” (R) and “Gianna” (G) tomatoes subjected to full-

irrigation (T100), 50% deficit irrigation (T50) and no-irrigation (T0) at 20th day of 

monitoring. 

Cultivar 
Water 

Treatment 
Trait 

Sample 

Size 
R2 RMSE MAPE AIC 

S T0 PH 3 0.99 0.31 cm 4.72% 5.01 

S T50 PH 3 0.99 0.53 cm 1.20% 3.92 

S T100 PH 3 0.95 0.31 cm 3.82% 8.23 

C T0 PH 3 0.99 0.52 cm 3.64% 8.61 

C T50 PH 3 0.99 0.04 cm 3.16% 3.94 

C T100 PH 3 0.99 0.53 cm 3.25% 3.53 

R T0 PH 3 0.95 0.39 cm 5.61% 8.26 

R T50 PH 3 0.97 0.77 cm 5.79% 8.04 

R T100 PH 3 0.95 0.12 cm 2.77% 4.96 

G T0 PH 3 0.99 0.04 cm 0.92% 6.51 

G T50 PH 3 0.99 0.33 cm 1.00% 1.63 

G T100 PH 3 0.98 0.16 cm 1.50% 9.72 

S T0 PI 10 0.94 0.22 deg° 6.86% 28.04 

S T50 PI 9 0.94 0.98 deg° 1.91% 12.95 
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Table S4.2. Continued 

Cultivar 
Water 

Treatment 
Trait 

Sample 

Size 
R2 RMSE MAPE AIC 

S T100 PI 10 0.97 1.83 deg° 3.98% 21.41 

C T0 PI 9 0.95 1.06 deg° 3.34% 25.81 

C T50 PI 11 0.95 0.46 deg° 1.90% 15.27 

C T100 PI 14 0.99 1.56 deg° 3.58% 15.79 

R T0 PI 11 0.99 0.36 deg° 1.28% 13.64 

R T50 PI 13 0.99 2.56 deg° 3.95% 24.43 

R T100 PI 15 0.99 1.29 deg° 2.98% 23.44 

G T0 PI 9 0.92 3.25 deg° 7.47% 37.76 

G T50 PI 11 0.94 2.19 deg° 5.11% 30.42 

G T100 PI 15 0.99 0.43 deg° 1.31% 16.93 

S T0 LA 11 0.96 0.37 cm2 8.28% 9.22 

S T50 LA 12 0.99 0.43 cm2 8.21% 7.65 

S T100 LA 13 0.99 0.57 cm2 9.61% -8.34 

C T0 LA 10 0.99 0.38 cm2 6.69% 13.35 

C T50 LA 9 0.99 0.72 cm2 8.93% -1.72 

C T100 LA 14 0.94 0.66 cm2 8.86% 20.77 

R T0 LA 11 0.99 0.76 cm2 8.91% 9.97 

R T50 LA 13 0.95 1.44 cm2 6.41% 30.61 

R T100 LA 15 0.95 0.81 cm2 4.70% 29.58 

G T0 LA 15 0.99 2.13 cm2 7.47% 17.74 

G T50 LA 15 0.98 1.17 cm2 4.89% 28.96 

G T100 LA 15 0.99 2.00 cm2 5.84% 21.16 

S T0 LI 11 0.86 1.77 deg° 2.26% 17.06 

S T50 LI 12 0.58 1.67 deg° 2.01% 18.37 

S T100 LI 13 0.84 1.13 deg° 1.45% 14.40 

C T0 LI 10 0.88 2.49 deg° 2.35% 12.63 

C T50 LI 9 0.99 2.05 deg° 4.22% -9.92 

C T100 LI 14 0.96 0.70 deg° 1.76% 9.69 

R T0 LI 11 0.85 0.45 deg° 1.17% 17.85 

R T50 LI 13 0.81 1.57 deg° 2.67% 25.33 

R T100 LI 15 0.96 1.66 deg° 2.39% 13.14 

G T0 LI 15 0.52 1.59 deg° 2.27% 25.25 

G T50 LI 15 0.90 1.43 deg° 1.71% 22.40 

G T100 LI 15 0.94 0.65 deg° 1.76% 23.73 
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Figures 

Figure S4.1. Explanation of the proposed main stem and petiole segmentation algorithm in 

pseudo code.   
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Figure S4.2. Explanation of the proposed single-leaf segmentation and traits extraction 

algorithm applied for the early detection of water stress in pseudo code. 
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Figure S4.3. Comparison of the observed plant height (PH), petioles inclination (PI), single-

Leaf Area (LA) and single-leaf angle (LI) with the relevant simulated values of all “Saint 

Pierre” (S), “Costoluto Fiorentino” (C), “Reginella” (R) and “Gianna” (G) tomatoes subjected 

to full-irrigation (T100), 50% deficit irrigation (T50) and no-irrigation (T0) at 20th day of 

monitoring. The black line represents the 1:1 line. 
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Figure S4.4. Differences in simulated petioles inclination (PI) of 1st (L1) to 5th (L5) true 

leaves between plants under full-irrigation (T100), 50% deficit irrigation (T50) and no-

irrigation (T0) of “Saint Pierre” (S), “Costoluto Fiorentino” (C), “Reginella” (R) and 

“Gianna” (G) tomato cultivars during 20 Days After Emergence (DAE) monitoring. Each 

data point is the average value of the three replicas, asterisks indicate significant differences 

of the plants under T0 (A) and T50 (B) from the plants under T100 according to t-test (*: p 

<= 0.05; **: p <= 0.01; ***: p <= 0.0001), vertical bars represent ± standard error of the 

mean and vertical dashed segments correspond to the estimated breakpoints (α = 0.05). The 

unavailability of data due to the simultaneous non-appearance and/or detachment of at least 

2 leaves from the 3 replicas of each cultivar x treatment is identified by the diagonal line. 
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Figure S4.5. Differences in simulated 1st (L1) to 5th (L5) true leaves’ area (LA) between 

plants under full-irrigation (T100), 50% deficit irrigation (T50) and no-irrigation (T0) of 

“Saint Pierre” (S), “Costoluto Fiorentino” (C), “Reginella (R) and “Gianna” (G) tomato 

cultivars during 20 Days After Emergence (DAE) monitoring. Each data point is the average 

value of the three replicas, asterisks indicate significant differences of the plants under T0 

(A) and T50 (B) from the plants under T100 according to t-test (*: p <= 0.05; **: p <= 0.01; 

***: p <= 0.0001), vertical bars represent ± standard error of the mean and vertical dashed 

segments correspond to the estimated breakpoints (α = 0.05). The unavailability of data due 

to the simultaneous non-appearance or detachment of at least 2 leaves from the 3 replicas of 

each cultivar x treatment is identified by the diagonal line. 



Supplementary material 

159 

 

Figure S4.6. Differences in simulated 1st (L1) to 5th (L5) true leaves’ inclination (LI) 

between plants under full-irrigation (T100), 50% deficit irrigation (T50) and no-irrigation 

(T0) of “Saint Pierre” (S), “Costoluto Fiorentino” (C), “Reginella” (R) and “Gianna” (G) 

tomato cultivars during 20 Days After Emergence (DAE) monitoring. Each data point is the 

average value of the three replicas, asterisks indicate significant differences of the plants 

under T0 (A) and T50 (B) from the plants under T100 according to t-test (*: p <= 0.05; **: 

p <= 0.01; ***: p <= 0.0001), vertical bars represent ± standard error of the mean and vertical 

dashed segments correspond to the estimated breakpoints (α = 0.05). The unavailability of 

data due to the simultaneous non-appearance or detachment of at least 2 leaves from the 3 

replicas of each cultivar x treatment is identified by the diagonal line. 

 

 

 

 



Supplementary material 

160 

 

Figure S4.7. Effect of full-irrigation (T100) and no-irrigation (T0) treatments on leaves, stem 

and roots dry weight (g) of “Saint Pierre” (S), “Costoluto Fiorentino” (C), “Reginella” (R) 

and “Gianna” (G) tomato cultivars at 20th day of monitoring. Each data point is represented 

by the average value of the three replicas and the error bars (± standard error). Asterisks 

indicate significant differences of the plants under T0 from the plants under T100 according 

to t-test (*: p ≤ 0.05; **: p ≤ 0.01; ***: p ≤ 0.0001), while the vertical dashed segments 

correspond to the estimated breakpoints (α = 0.05). 
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Supplementary Material III 

5. A comparison of high-throughput imaging methods 

for quantifying plant growth traits and estimating 

above-ground biomass accumulation 

Tables 
 

Table S5.1. Overview of the imaging (2D image analysis, MVS-SfM 3D-reconstruction and 

SL 3D-scanning) and destructive samplings performed on maize (50%) and tomato (50%) 

plants at specific Day After Sowing (DAS) throughout the 6-week experiment. 

Week DAS 

Sample Size 

2D image 

analysis  

MSV-SfM 3D-

reconstruction  

SL 3D-

scanning 

Destructive 

sampling 

1 22 40 40 10 - 

1 24 40 40 10 - 

1 26 40 40 10 6 

2 29 34 34 10 - 

2 31 34 34 10 - 

2 33 34 34 10 6 

3 36 28 28 10 - 

3 38 28 28 10 - 

3 40 28 28 10 6 

4 43 22 22 10 - 

4 45 22 22 10 - 

4 47 22 22 10 6 

5 50 16 16 10 - 

5 52 16 16 10 - 

5 54 16 16 10 6 

6 57 10 10 10 - 

6 59 10 10 10 - 

6 61 10 10 10 10 
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Table S5.2. Performance evaluation (R2, rRMSE and AIC) of the M1 (Equation (5.5)) and 

M2 (Equation (5.6)) models derived from each tested imaging method (2D image analysis, 

MVS-SfM 3D-reconstruction and SL 3D-scanning) in estimating maize and tomato dry 

above-ground biomass (DAGB, g) weight at the destructive sampling dates (26, 33, 40, 47, 

54 and 61 DAS) from the predicted regression coefficients (a0, a1 and a2). Asterisks indicate 

statistically significance of each biomass predictive coefficient according to t-test (*: p ≤ 

0.05; **: p ≤ 0.01; ***: p ≤ 0.001). Non-significant coefficients (p > 0.05) were removed 

from the regression model (-). 
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Figures 

 

Figure S5.1. Locally weighted smoothed fits for plant’s height (PH), shoot area (SA) and 

convex hull volume (CH) derived from 2D image analysis, MVS-SfM 3D-reconstruction and 

SL 3D-scanning every other day from 22 to 61 Day After Sowing (DAS). Each data point is 

represented by the average value of the n replicas and the error smooth (± standard error). 
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Figure S5.2. Scatter plots of (A) fresh (FAGB) and (B) dry above-ground biomass (DAGB) 

weight estimation at the destructive sampling dates (26, 33, 40, 47, 54 and 61 DAS) from the 

generalized M1 and M2 predictive models derived from all the tested imaging method (2D 

image analysis, MVS-SfM 3D-reconstruction and SL 3D-scanning), with the accuracy (R2, 

rRMSE and AIC) and corresponding residuals analysis of grouped maize and tomato. The 

black lines are the 1:1 line (solid) and the median of residuals (dashed). 
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Figure S5.3. Application of the species-specific M1 and M2 predictive models calibrated on 

the reference data collected from 6 destructive samplings (on 26, 33, 40, 47, 54 and 61 DAS) 

and derived from the tested imaging method (2D image analysis and 3D MVS-SfM 

reconstruction) in estimating maize and tomato dry above-ground biomass (DAGB) weight 

accumulation from 22 to 61 DAS. Each computed data point is represented by the average 

value of the n replicas and the locally weighted error smooth (± standard error), while dashed 

line is the observed accumulation trend between the average value of each destructive 

sampling data (± standard error reported in the error bars). 
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Figure S5.4. Application of the species-specific M1 and M2 predictive models calibrated on 

the reference data collected from 1 destructive sampling (on 61 DAS) and derived from the 

tested imaging method (2D image analysis, 3D MVS-SfM reconstruction and SL 3D-

scanning) in estimating maize and tomato shoot dry above-ground biomass (DAGB) weight 

accumulation from 22 to 61 DAS. Each computed data point is represented by the average 

value of the n replicas and the locally weighted error smooth (± standard error), while dashed 

line is the observed accumulation trend between the average value of each destructive 

sampling data (± standard error reported in the error bars). 
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“Reginella” (R) and “Gianna” (G) tomato cultivars during 20 Days After Emergence 

(DAE) monitoring. Each data point is the average value of the three replicas, 

asterisks indicate significant differences of the plants under T0 (A) and T50 (B) from 

the plants under T100 according to t-test (*: p <= 0.05; **: p <= 0.01; ***: p <= 
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Each data point is the average value of the three replicas, asterisks indicate 

significant differences of the plants under T0 (A) and T50 (B) from the plants under 

T100 according to t-test (*: p <= 0.05; **: p <= 0.01; ***: p <= 0.0001), vertical 
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Each data point is represented by the average value of the three replicas and the error 

bars (± standard error). Asterisks indicate significant differences of the plants under 

T0 from the plants under T100 according to t-test (*: p ≤ 0.05; **: p ≤ 0.01; ***: p 
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≤ 0.0001), while the vertical dashed segments correspond to the estimated 
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Figure S5.1. Locally weighted smoothed fits for plant’s height (PH), shoot area 

(SA) and convex hull volume (CH) derived from 2D image analysis, MVS-SfM 3D-

reconstruction and SL 3D-scanning every other day from 22 to 61 Day After Sowing 

(DAS). Each data point is represented by the average value of the n replicas and the 

error smooth (± standard error).                                                                       (pp. 163) 

Figure S5.2. Scatter plots of (A) fresh (FAGB) and (B) dry above-ground 

biomass (DAGB) weight estimation at the destructive sampling dates (26, 33, 40, 

47, 54 and 61 DAS) from the generalized M1 and M2 predictive models derived 
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Figure S5.3. Application of the species-specific M1 and M2 predictive models 

calibrated on the reference data collected from 6 destructive samplings (on 26, 33, 

40, 47, 54 and 61 DAS) and derived from the tested imaging method (2D image 

analysis and 3D MVS-SfM reconstruction) in estimating maize and tomato dry 
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locally weighted error smooth (± standard error), while dashed line is the observed 
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Figure S5.4. Application of the species-specific M1 and M2 predictive models 
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