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Abstract: Abiotic stresses, such as drought, salinity, and heat, exacerbated by climate 
change, pose significant challenges to global agriculture. These stresses negatively impact 
crop physiology, leading to yield losses and complicating efforts to breed resilient varie-
ties. While advancements in molecular biology and genomics have identified stress-re-
sistance genes, their effective utilization in breeding programs depends on precise pheno-
typic evaluation under diverse stress conditions. High-throughput phenotyping (HTP) 
technologies have emerged as indispensable tools, enabling non-destructive, rapid assess-
ment of critical traits like root architecture, chlorophyll content, and canopy temperature 
in controlled and field environments. Unlike existing reviews, this manuscript critically 
addresses technological barriers such as cost scalability, field adaptability, and the inte-
gration of artificial intelligence for real-time data analysis. Additionally, it provides a fresh 
perspective on multi-omics integration in phenomics to bridge the genotype–phenotype 
gap, ensuring a more holistic approach to precision agriculture. This review bridges gaps 
in crop improvement by identifying practical solutions to enhance the adoption of HTP 
in breeding programs. It ensures food security amidst the escalating impacts of climate 
change. 

Keywords: image-based phenotyping; machine learning in agriculture; multispectral  
imaging; multi-omics; AI 
 

1. Introduction 
The growing impacts of climate change have significantly intensified the threats 

posed by abiotic stresses, such as drought, heat, salinity, and waterlogging, on global ag-
riculture. Recent studies have shown that these environmental stressors continue to re-
duce crop yields and threaten food security globally [1]. Developing crop varieties that 
can withstand these conditions is crucial. To address these challenges, breeding for cli-
mate-resilient crops has become an urgent need, with modern tools such as high-through-
put phenotyping (HTP) playing a central role in accelerating crop improvement efforts 
[2]. 
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Traditional phenotyping methods have mainly been labor-intensive and time-con-
suming. However, advances in high-throughput phenotyping technologies have allowed 
researchers to overcome these bottlenecks, enabling precise, rapid phenotypic assess-
ments in both controlled and field environments [3]. These technologies significantly im-
prove breeding programs to enhance crop resilience to abiotic stresses by enabling the 
detailed, non-destructive measurement of critical traits like root and shoot architecture, 
chlorophyll content, and canopy temperature [4]. 

Over the past decade, HTP has evolved with innovations in imaging systems, sensor 
technologies, robotics, and artificial intelligence (AI)-driven data analytics [5,6]. Research-
ers have developed various innovative tools integrating spectroscopy, automated imag-
ing, and high-performance computing [7,8]. HTP refers to the automated and rapid col-
lection of large-scale plant trait data using advanced imaging, sensor technology, and 
computational tools to assess plant responses under various environmental conditions. 
These advanced technologies enable rapid, precise, and non-destructive assessment of 
plant traits across diverse environments in laboratory-controlled and real-world field set-
tings [9]. By enabling non-destructive, continuous monitoring throughout the plant life 
cycle, these technologies have dramatically increased the speed and accuracy of pheno-
typic data collection. As a result, sophisticated high-throughput systems, including auto-
mated greenhouses, glass chambers, and hydroponic and aeroponic systems, now offer 
greater precision in data recording while significantly reducing the need for field replica-
tions [10,11]. These advancements have given rise to phenomics, which involves the large-
scale, high-dimensional collection, analysis, and integration of phenotypic data with other 
omics approaches, enabling researchers to better understand plant responses to abiotic 
stresses [12]. Phenomics bridges the gap between genotyping and phenotyping, allowing 
for a more integrated approach to breeding climate-resilient crops [13,14]. Despite these 
technological advancements, significant challenges remain, including the high cost of im-
plementation, scalability limitations, and the need for improved AI-driven analytical 
tools. Addressing these challenges is crucial for ensuring that phenotyping technologies 
become more accessible and widely adopted in breeding programs. 

The objectives of this review are threefold: (1) to evaluate HTP techniques and their 
applications in managing abiotic stresses, including recent advancements in AI-driven 
data processing and multi-omics integration; (2) to critically analyze the limitations and 
challenges of current platforms, particularly regarding cost scalability, field adaptability, 
and data processing bottlenecks; and (3) to propose innovative strategies for improving 
the adoption of HTP technologies in breeding programs, with an emphasis on cost-effec-
tive, field-deployable solutions. By offering a comprehensive assessment, this review aims 
to provide actionable insights to drive advancements in climate-resilient agriculture while 
highlighting phenomics significant opportunities for addressing global agricultural chal-
lenges. These include enhancing breeding efficiency, accelerating genetic gain, and devel-
oping sustainable solutions to mitigate the impacts of climate change. By serving as a val-
uable resource for researchers, breeders, and policymakers, this review underscores the 
pivotal role that advancements in high-throughput phenotyping technologies play in de-
veloping crop varieties better suited to cope with the growing impacts of climate change. 

2. Phenomics 
Phenomics is the study of the phenome—the complete set of physical and biochemi-

cal traits expressed by an organism in response to genetic and environmental factors [15]. 
Unlike genomics, which explores an organism’s fixed genetic composition, phenomics 
captures the dynamic and variable nature of trait expression, influenced by environmental 
contexts [16]. This makes phenomics an essential yet challenging tool for improving crop 
performance under abiotic stresses such as drought, salinity, and heat [17,18]. 
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The term “phenome” mirrors the “genome,” emphasizing the link between genetic 
potential and observable traits [19]. In plant science, phenomics offers critical insights into 
developmental, physiological, and structural traits across a plant’s life cycle, thereby elu-
cidating plant responses to abiotic stressors [20,21]. Phenomics employs two primary ap-
proaches: forward phenomics, which identifies desirable genotypes from extensive 
germplasm collections using HTP to enhance breeding efficiency and reverse phenomics, 
which investigates the biological mechanisms underlying known desirable traits, enabling 
targeted breeding strategies and refined selection criteria [2,10,14,22]. 

Together, forward and reverse phenomics bridge the genotype-to-phenotype gap, 
fostering the development of stress-resilient crops. This section further reclassifies phe-
nomics methodologies by proximity (proximal vs. remote) and the environments in which 
they are applied (controlled vs. field), offering a structured perspective on HTP techniques 
[20] 

2.1. Proximal Sensing Phenomics in Controlled Environments 

Proximal sensing refers to the use of technologies close to the plant, usually within 
controlled environments like greenhouses or growth chambers [22]. These methods allow 
for high-resolution, precise monitoring of physiological and morphological traits that are 
sensitive indicators of stress responses [10,21]. Studies demonstrate that proximal sensing 
can be particularly effective in early-stage breeding trials and in-depth physiological anal-
yses due to its non-invasive nature and adaptability for longitudinal studies [23]. Shoot 
and root phenomics represent critical components of plant phenotyping. Shoot phenomics 
focuses on above-ground traits, such as leaf area and canopy structure, directly impacted 
by environmental conditions. Root phenomics examines below-ground traits like root ar-
chitecture and water uptake, providing insights into stress tolerance mechanisms. To-
gether, they enable a comprehensive understanding of plant responses to abiotic stresses 
(Table 1, Figure 1). 

Table 1. Applications of High-Throughput Phenotyping (HTP) Across Different Platforms. 

Application Platform/Methodol-
ogy 

Key Features  Limitations  Refer-
ences 

 
 
 
 
 
 

Shoot Phe-
nomics 

GROWSCREEN; 
Phenoscope; Plant-

Screen 

Relatively inexpensive, 
quick, automated; suitable 

for controlled environments. 

Limited scalability for larger 
crops. 

[24] 

Phenovator; PHE-
NOPSIS (DB) 

High-throughput imaging 
for biomass and shoot traits. 

Restricted by specific trait 
and environment types. 

[24,25] 

Scanalyzer3D; HRPF Dynamic and automated 
high-resolution imaging for 
growth and biomass data. 

Expensive setup and mainte-
nance require technical exper-

tise. 

[11,26] 

TraitMill High precision in shoot 
growth analysis. 

Requires specialized setups 
for diverse phenotyping con-

texts. 

[27,28] 

PhenoBox Affordable and simple to 
use. 

Limited throughput; labor-in-
tensive for large-scale screen-

ing. 

[26] 

Hyperspectral Imag-
ing Systems 

Allows precise measurement 
of pigment composition and 
stress-induced physiological 

changes. 

High cost; requires technical 
expertise for analysis. 

[29] 
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Root Phe-
nomics 

RhizoTubes; 
RootReader3D 

Captures detailed root archi-
tecture; low-cost 2D root 

mapping. 

Requires transparent me-
dium; limited spatial realism 
compared to in-soil setups. 

[30,31] 

GROWSCREEN-Rhizo High-throughput for root 
and shoot traits. 

Development restricted in 2D 
rhizotrons; lacks field ap-

plicability. 

[32] 

PET-CT; MRI-PET; 
MRI-CT 

Captures high-resolution 3D 
root systems and dynamics. 

Expensive and time-consum-
ing; limited availability for 

agricultural research. 

[33,34] 

CT Scan and 3D Mod-
eling 

Enables complete recon-
struction of root growth pat-

terns. 

High cost and complex data 
processing required. 

[35] 

 
 
 

Field-Based 
Phenomics 

Field Scanalyzer Integrates multiple sensors 
for detailed analysis; high 

spatial resolution. 

High cost; limited adaptabil-
ity to open-field conditions 

with variable lighting. 

[36] 

CPRS Simplifies system installa-
tion and maintenance. 

Limited trait diversity; cap-
tures minimal crop infor-

mation. 

[37] 

BreedVision Stable imaging conditions; 
integration of various sen-

sors. 

Wet soil and wind conditions 
pose challenges for data accu-

racy. 

[38] 

 
 
 

Remote 
Sensing 

Drones/UAVs Flexible and scalable; 
equipped with multispectral 
and thermal cameras; rapid 

imaging. 

Cannot assess traits below the 
canopy; operational re-

strictions due to aviation reg-
ulations. 

[39] 

Satellites Provides large-scale data 
with global coverage. 

Lower spatial resolution com-
pared to UAVs; constrained 
temporal frequency for high-

demand monitoring. 

[40] 

 
Pocket Phe-

nomics 

PocketPlant3D Low-cost, portable, and 
user-friendly for real-time 

data collection. 

Limited capability for com-
plex phenotyping; challenges 
with data integration and ac-

curacy in field conditions. 

[41] 

 
 
 

Post-Har-
vest Phe-
nomics 

Seed Evaluation Ac-
celerator (SEA) 

Automates threshing and 
measures yield-related traits 

efficiently. 

Lacks capability to assess 3D 
grain characteristics. 

[42] 

PANorama; P-TRAP Directly quantifies grain 
traits without threshing. 

Requires manual separation 
of samples; does not measure 

3D traits. 

[43,44] 

CT Scan; X-ray Extracts 3D grain features 
without threshing. 

High cost; custom analysis 
protocols needed for new 

species. 

[45] 

Hyperspectral Imag-
ing 

Measures biochemical traits 
like protein content with 

high precision. 

Complex and expensive; re-
quires custom image analysis 

models. 

[46] 
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Figure 1. Proximal sensing workflow. 

2.1.1. Shoot Phenomics 

Shoot phenotyping focuses on above-ground traits, which are critical indicators of 
plant health under stress conditions. Recent studies have utilized digital imaging systems, 
chlorophyll fluorescence sensors, and high-resolution 3D scanners to capture essential 
metrics like plant height, leaf area, canopy structure, and chlorophyll content. For in-
stance, Yang et al. (2020) [20] employed 3D imaging to analyze canopy architecture and 
biomass in wheat, finding correlations between canopy traits and drought resilience. The 
plant-to-sensor approach, where plants are transported to a fixed imaging station, is often 
favored in controlled environments for its high accuracy and repeatability [23]. In addi-
tion, hyperspectral imaging has advanced shoot phenomics by allowing precise measure-
ment of pigment composition, stress-induced changes in chlorophyll fluorescence, and 
other physiological markers. For example, Rahaman et al. (2015) [27] showed that com-
bined 2D and 3D imaging techniques increased accuracy in assessing drought tolerance 
across rice genotypes (Table 1). 

2.1.2. Root Phenomics 

Root systems play a crucial role in water and nutrient uptake, making root pheno-
typing essential for understanding stress resilience. However, root traits are notoriously 
challenging to measure due to their subterranean nature. Advances in imaging technolo-
gies like Magnetic Resonance Imaging (MRI), Computed Tomography (CT), and X-ray 
tomography have transformed root phenotyping, allowing for non-invasive observations 
of root architecture. Nagel et al. (2012) [32] developed the GROWSCREEN-Rhizo plat-
form, which combines automated image capture and data processing to measure root 
traits, such as depth, lateral root distribution, and root angle, under simulated drought 
conditions (Table 1). These technologies have been further enhanced with 3D modeling, 
enabling a complete reconstruction of root growth patterns, as shown in a study by At-
kinson et al. (2019) [35], which used CT scans to evaluate root depth and density in wheat 
and barley under nutrient deficiency stress (Table 1, Figure 1). 
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2.2. Ground-Based Phenomics in Field Environments 

Ground-based phenotyping platforms bring high-throughput data collection to the 
field, bridging the gap between controlled laboratory studies and real-world conditions. 
Ground-based systems allow researchers to collect trait data in situ, withstanding the en-
vironmental variability typical of field trials. These systems are crucial for capturing large 
datasets over multiple growing seasons, providing insights into plant responses in realis-
tic settings. 

2.2.1. Ground-Based Mobile Platforms 

Mobile ground-based phenotyping units, such as carts and vehicles fitted with multi-
sensor arrays, facilitate data capture for large-scale field studies. They often integrate dig-
ital cameras, thermal imaging, and spectrometers to measure traits such as plant height, 
biomass, nitrogen content, and canopy structure. Busemeyer et al. (2013) [38] demon-
strated that the BreedVision platform, a mobile cart fitted with multiple sensors, provided 
reliable biomass and nitrogen-use efficiency data in wheat and soybean, significantly ad-
vancing breeding programs for nutrient-use efficiency. Similarly, Harris et al. (2021) [47] 
used ground-based platforms to monitor grapevine leaf phenotypes and correlate them 
with root traits, showing how vegetative and reproductive traits can be simultaneously 
assessed to optimize water and nutrient usage in vineyards (Table 2). 

Table 2. Image analysis programs and phenotyping platforms. 

Category Software Primary Function Key Advantage Real-World Application 

 
 
 
 
 
 
 
Root System 
Analysis  

WinRhizo 
Tron [32] 

Measures root area, 
volume, and length 

High-precision root 
scanning 

Studying root traits for 
drought resistance 

Root Reader 
3D [48]  

3D root system archi-
tecture 

Provides 3D visualiza-
tion for structural analy-
sis 

Modeling root growth pat-
terns under stress condi-
tions 

EZ-Rhizo 
[49] 

Root system architec-
ture 

Automated data pro-
cessing for large datasets 

Root system comparisons 
in genetic studies 

RootTrace 
[50,51] 

Root morphology 
measurement 

High-speed root length 
and branching analysis 

Evaluating root vigor in 
crop breeding programs 

DART [52] Dynamic root analysis Time-series tracking of 
root development 

Understanding root-soil in-
teractions 

SmartRoot 
[53] 

Quantification of root 
growth & architecture 

Integrated with ImageJ 
for easy usability 

Studying root growth in 
different soil conditions 

Gia-Roots 
[31] 

Root system architec-
ture 

Image-based high-
throughput root assess-
ment 

Screening root traits for im-
proved nutrient uptake 

 
 
 
 
 
 

TraitMill 
[28] 

Measures agronomic 
traits 

Captures multiple mor-
phological parameters 

Assessing leaf traits for 
yield improvement 

PHENOP-
SIS [54] 

Measures water-defi-
cit related traits 

Specializes in drought 
stress responses 

Drought tolerance screen-
ing in crops 

LeafAna-
lyser [37] 

Rapid leaf shape anal-
ysis 

Automated high-
throughput leaf shape 
detection 

Phenotyping leaf shape 
variations in hybrids 
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2.2.2. Fixed Ground-Based Platforms 

Fixed phenotyping installations in field plots also provide essential data on plant de-
velopment and stress responses. These setups often consist of stationary sensors arranged 
around the crop plot, capturing high-frequency measurements of temperature, humidity, 
leaf color, and growth rate. The use of fixed platforms in phenotyping wheat for canopy 
temperature under drought conditions by Maes et al. (2019) [39] illustrated how canopy 
temperature can indicate transpiration and stomatal conductance, which are both critical 
for drought resilience (Table 2) [60]. 

2.3. Remote Sensing Phenomics for Large-Scale Field Trials 

Remote sensing enables large-scale phenotypic assessments through technologies 
like drones unmanned aerial vehicles(UAVs), and satellites. This approach is essential for 
monitoring extensive crop fields, as it provides scalable and rapid data collection across 
varied terrains and environmental conditions. By capturing spatial and temporal data 
over broad areas, remote sensing offers a practical solution for large breeding programs 
targeting abiotic stress tolerance (Figure 2). 

 
Figure 2. Remote sensing workflow. 

Leaf & Shoot 
Phenotyping  

HTPheno 
[39,55] 

Shoot and leaf trait 
measurement 

Suitable for high-
throughput plant pheno-
typing 

Large-scale plant screening 
for breeding programs 

LemnaTec 
3D Scana-
lyzer [23] 

Leaf color, shape, size, 
and architecture 

Fully automated pheno-
typing system 

Precision agriculture and 
stress detection 

 
Seed Morphol-
ogy & Size 
Analysis  

Win-
SEEDLE 
[56] 

Seed volume and sur-
face area measure-
ment 

Accurate 3D analysis of 
seed morphology 

Assessing seed quality in 
breeding programs 

SHAPE 
[57,58] 

Seed shape analysis Distinguishes seed shape 
differences efficiently 

Genetic classification based 
on seed shape 

SmartGrain 
[59] 

Seed morphology 
measurement 

AI-based feature extrac-
tion for seed phenotyp-
ing 

Identifying seed shape vari-
ation in crop genotypes 
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2.3.1. Drone-Based Phenotyping 

UAVs equipped with multispectral, hyperspectral, and thermal sensors have become 
indispensable in phenotyping due to their high spatial resolution and flexibility. Drone-
based phenotyping allows researchers to assess drought and heat stress responses by 
measuring canopy temperature, vegetation indices, and leaf area index (LAI). For exam-
ple, Maes and Steppe (2019) [39] used UAVs to monitor drought stress in maize, detecting 
changes in canopy temperature and transpiration rate that correlated with water use effi-
ciency. Another study by Yao et al. (2017) [61] applied UAV-based remote sensing to esti-
mate LAI and biomass across various crops, illustrating the potential for this technology 
in monitoring large breeding populations. 

2.3.2. Satellite-Based Phenotyping 

Although satellites offer lower spatial resolution than UAVs, their broad coverage 
makes them ideal for large-scale and regional monitoring. Multispectral satellite images 
provide data for indices such as Normalized Difference Vegetation Index (NDVI) and En-
hanced Vegetation Index (EVI), which serve as indicators of crop health, biomass, and 
stress levels. Satellite-based phenotyping has been particularly useful in regions facing 
water scarcity, where monitoring changes in vegetation indices can help guide irrigation 
management and identify drought-tolerant genotypes [44]. The recent study by Zhang et 
al. (2024) [40] illustrated the utility of satellite-derived NDVI and EVI in assessing maize 
and wheat fields across drought-prone areas, helping breeders select genotypes resilient 
to water scarcity. 

2.4. Integrated Phenomics Platforms 

Integrated phenotyping systems combine multiple imaging and sensing modalities 
to capture a comprehensive profile of plant physiological and structural traits. By concur-
rently measuring traits such as biomass, chlorophyll fluorescence, and canopy tempera-
ture, these platforms provide an all-encompassing view of plant health, resilience, and 
performance under stress conditions. These platforms leverage multi-modal imaging sys-
tems, integrating technologies like positron emission tomography (PET), MRI, and hyper-
spectral cameras to explore real-time plant responses (Table 2). Additionally, integrated 
drone-ground platforms enhance phenotyping by combining aerial and ground-based 
data collection for a more detailed assessment of plant traits. Another critical advance-
ment in integrated phenomics is Light Detection and Ranging (LiDAR) technology, which 
enables precise three-dimensional modeling of plant architecture, offering improved in-
sights into canopy structure and biomass distribution. 

2.4.1. Multi-Modal Imaging Systems 

Advanced phenomics platforms that integrate imaging modalities such as PET, MRI, 
and hyperspectral cameras have shown exceptional utility in exploring the real-time dy-
namics of plant responses. For example, Jahnke et al. (2009) [34] combined MRI and PET 
to visualize carbon and water transport within sugar beet taproots under drought stress 
(Table 1). This integration provided insights into how plants manage internal resources 
during water scarcity. Another example by Williamson et al. (2022) [62] illustrated the use 
of multispectral imaging combined with 3D structure reconstruction to track biomass ac-
cumulation and leaf area in wheat, enabling breeders to assess growth rates and stress 
resilience with greater accuracy. 
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2.4.2. Integrated Drone-Ground Platforms 

Some systems combine drone and ground-based data collection for a multi-scale 
view of phenotypes, enhancing the resolution and depth of data across field plots. Inte-
grated platforms like these allow for synchronized capture of canopy temperature, root 
architecture, and plant height, creating a full profile of plant responses in varying field 
conditions. A study by Rahaman et al. (2015) [27] showed how integrating drone and 
ground-based phenotyping provided robust estimates of crop water status and soil mois-
ture, optimizing breeding selection for drought-tolerant traits. 

2.4.3. Applications of LiDAR in Integrated Phenomics 

Recent advancements in LiDAR have expanded phenomics capabilities in capturing 
3D plant architecture and biomass in dense crop canopies [23]. LiDAR’s ability to pene-
trate dense foliage and create high-resolution, three-dimensional models makes it invalu-
able for monitoring structural traits in crops. LiDAR imaging has shown promise in en-
hancing plant density estimations and identifying canopy architecture traits correlated 
with drought resilience and nutrient-use efficiency, as demonstrated by Khadka et al. 
(2020) [22] in wheat trials. 

2.4.4. Multi-Omics Data Integration for Enhanced Insights 

Beyond imaging and sensor-based assessments, modern phenomics increasingly re-
lies on multi-omics data integration, which combines genomics, transcriptomics, prote-
omics, and metabolomics with phenotypic data to uncover deeper biological insights [63]. 
This approach allows researchers to identify the genetic and molecular mechanisms un-
derlying plant responses to abiotic stresses. For example, genotype-to-phenotype (G2P) 
mapping enables breeders to link genomic variations with observable traits, improving 
marker-assisted selection (MAS) strategies. Transcriptomic data further refine these mod-
els by revealing gene expression patterns in response to environmental stress, providing 
dynamic insights into stress-adaptive traits [56]. Additionally, multi-omics analyses can 
help uncover novel quantitative trait loci (QTLs) and their regulatory networks, acceler-
ating the development of stress-resilient crops. The integration of multi-omics datasets 
through machine learning (ML) pipelines enhances phenotype predictions and improves 
breeding efficiency [64]. AI-driven approaches such as deep learning and predictive mod-
eling further refine phenotyping accuracy by correlating omics data with complex pheno-
typic traits. This synergy between multi-omics, HTP, and AI-driven analytics transforms 
crop breeding, enabling the selection of genotypes better adapted to climate change and 
environmental variability. 

3. Imaging Techniques 
Advanced phenotyping relies on various imaging techniques to analyze how plants 

interact with light, whether it is transmitted, reflected, or absorbed. These imaging meth-
ods help capture detailed quantitative data about plant traits with remarkable precision 
[62]. The most commonly used imaging techniques in phenotyping include visible-light 
imaging, infrared and thermal-based imaging, fluorescence imaging, spectroscopy imag-
ing, and integrated imaging systems [65]. These methods are essential for accurate and 
precise phenotyping under various environmental conditions [19,66]. 

3.1. Visible Light Imaging 

Visible light imaging has been a long-standing tool in phenotyping, extensively used 
to assess traits linked to abiotic stress responses. This technique captures traits like bio-
mass, shoot elongation, root architecture, leaf morphology, and seed or panicle structure 
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[67]. Traits are typically evaluated using 2D digital images, but advancements have 
moved from 2D to 3D imaging, improving precision in analyzing complex traits [68]. 
Neilson et al. (2015) [69] used 2D digital images to study biomass under drought condi-
tions, while Rahaman et al. (2015) [27] showed that combining 2D and 3D imaging tech-
nologies enhances accuracy in assessing phenotypic variation across crops [27]. Visible 
light imaging sensors, such as Charge-Coupled Device (CCD), and Complementary 
Metal-Oxide-Semiconductor (CMOS) arrays, accurately capture phenotypic data under 
stress conditions that convert light into electrical signals. CCDs transfer charges sequen-
tially for high-quality, noise-free imaging, making them ideal for precision applications 
like scientific research, though they are slower and more power-intensive. CMOS sensors 
process signals directly at each pixel, enabling faster, energy-efficient imaging with lower 
costs, suitable for real-time and dynamic applications (Figure 3). While CCDs excel in uni-
formity and precision, modern CMOS advancements have improved their sensitivity, 
making both technologies vital for diverse imaging needs [70] (Figure 3). These sensors 
are widely used across various crops, making them a fundamental tool in research and 
breeding programs, enabling genetic studies to uncover the mechanisms behind stress 
tolerance. 

 
Figure 3. Visible light imaging workflow. 

3.1. Infrared and Thermal-Based Imaging 

Infrared and thermal-based imaging provide critical insights into the physiological 
responses of plants, particularly to water content and temperature regulation [71]. These 
techniques use radiation principles, such as the Stefan–Boltzmann equation, to record and 
visualize data. The Stefan–Boltzmann law states that the total energy emitted by a surface 
is proportional to the fourth power of its absolute temperature. This principle is funda-
mental in thermal imaging for plant phenotyping, where infrared thermography is used 
to measure the heat emitted by plant surfaces. Since plant leaves lose heat through tran-
spiration, variations in leaf temperature can indicate water stress, stomatal conductance, 
and overall plant health. By applying this equation, researchers can assess drought re-
sponses, optimize irrigation strategies, and detect early stress symptoms in crops, making 
thermal imaging a powerful tool in high-throughput phenotyping [70]. This combination 
of infrared and visible-light imaging offers detailed phenotyping of traits related to water 
use efficiency, drought tolerance, and gas exchange [62]. For example, Rahaman et al. 
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(2015) [27] demonstrated that infrared imaging is practical in assessing stomatal conduct-
ance and canopy temperature in drought-stressed crops. Similarly, thermal cameras have 
been widely used to evaluate osmotic tolerance and sodium exclusion in plants exposed 
to salinity stress [71–73]. These technologies allow for real-time measurement of stress 
responses, making them indispensable in breeding programs targeting abiotic stress re-
sistance [40]. 

3.2. Fluorescence Imaging 

Fluorescence imaging is a powerful tool for measuring chlorophyll fluorescence, 
providing insights into photosynthetic efficiency under stress conditions [25]. When 
plants absorb low-wavelength light (e.g., blue light), they emit fluorescence in the red 
spectrum (600–750 nm), which is captured and analyzed using fluorescence sensors [74]. 
Chlorophyll fluorescence imaging (ChlF) is particularly valuable in assessing photosyn-
thetic performance, as shown by Hairmansis et al. (2014) [75] in rice and Awlia et al. (2016) 
[25] in Arabidopsis. This technique effectively identifies early responses to abiotic stresses 
like drought and salinity, indirectly measuring plant health and metabolic activity [76]. 
Fluorescence imaging has been used to assess a range of physiological traits, including 
stomatal conductance, metabolite transport, and phloem loading [77]. The ability to mon-
itor photosynthesis under stress conditions makes fluorescence imaging a vital tool for 
identifying and selecting stress-tolerant genotypes in breeding programs [78]. 

3.3. Spectroscopy Imaging 

Spectroscopy imaging leverages the interaction of solar radiation with plants, cap-
tured through hyperspectral and multispectral cameras, to assess plant health and stress 
responses [8]. Hyperspectral imaging divides the light spectrum into multiple bands, cre-
ating a detailed electromagnetic spectrum that can be used to identify physiological and 
biochemical changes [79]. Vegetation indices such as NDVI and PRI are calculated using 
spectral data, providing insights into traits like chlorophyll content, water status, and ac-
tive biomass [44]. Zarco-Tejada et al. (2012) demonstrated the utility of vegetation indices 
in assessing pigment content and biomass in crops under stress [80]. Hyperspectral imag-
ing offers a non-invasive method for detecting stress responses, making it a critical tool in 
field phenotyping for precision agriculture [80,81]. 

3.4. Integrated Imaging Techniques 

Integrated imaging systems combine modalities to capture a more comprehensive 
picture of plant physiology and structure [34]. Techniques such as PET and MRI assess 
stress-related physiological changes [81]. Borisjuk et al. (20120 employed MRI to visualize 
root architecture and water transport in various crops) [81]. Jahnke et al. (2009) combined 
PET and MRI to investigate carbon fluxes in sugar beet under drought stress [34]. Ad-
vanced imaging techniques like Forster resonance energy transfer (FRET) are used for 
molecular phenotyping, providing insights into real-time dynamics of elements like cal-
cium and zinc in plant roots [82]. The combination of PET, MRI, and FRET techniques 
allows researchers to capture real-time plant function and structure changes, making 
these tools invaluable in studying abiotic stress responses [83]. 

4. Plant Phenomics Data Management 
The advent of HTP technologies has led to the generation of vast and complex da-

tasets, making efficient data collection, storage, processing, and management crucial in 
agricultural research [84,85]. Phenomics involves capturing, analyzing, and interpreting 
high-dimensional phenotypic data to understand the relationship between plant traits 
and their genetic and environmental influences. As the volume and complexity of data 
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increases, big data analytics, AI, and ML are playing an increasingly important role in 
improving data integration, accuracy, and predictive power [63,86]. The key components 
of plant phenomics data management include automated data collection, cloud-based 
storage, metadata documentation, AI-powered data processing, and computational mod-
eling, all of which enhance the efficiency and scalability of phenotypic studies (Tables 3 
and 4) [87,88]. 

Table 3. Models Used in Phenomics. 

Model Type Function Applications in Phenomics 
Convolutional Neural Networks 

(CNNs) 
Image-based feature extraction and 

classification 
Used for plant trait segmentation, 

stress detection, and automated im-
age analysis in high-throughput 

phenotyping 
Random Forest Classifiers Decision-tree-based classification 

model 
Used in trait classification, stress-re-

sponse prediction, and genotype-
phenotype mapping 

Support Vector Machines (SVMs) Pattern recognition and classifica-
tion 

Applied for phenotypic trait detec-
tion, leaf shape analysis, and growth 

monitoring 
Random Forest Regression Predictive modeling and ranking of 

variables 
Used for multi-trait phenotypic pre-

diction and breeding selection 
Long Short-Term Memory (LSTM) 

Networks 
Time-series analysis in deep learn-

ing 
Applied for multi-omics data inte-
gration, gene expression analysis, 
and environmental stress monitor-

ing 
Recurrent Neural Networks 

(RNNs) 
Predicts time-dependent phenotypic 

variations 
Used in predicting plant growth pat-
terns under variable environmental 

conditions 
Attention-Based Models Enhances prediction accuracy by fo-

cusing on key features in complex 
datasets 

Applied in phenotypic prediction 
models, multi-trait assessments, and 

genomic-assisted selection 

Table 4. Tools and Technologies Used in Phenomics Data Management. 

Tool/Technology Function Applications in Phenomics 
Google Cloud, AWS, Microsoft Az-

ure 
Cloud-based storage and high-per-

formance computing (HPC) 
Facilitates data storage, large-scale 

phenotype data sharing, and parallel 
processing for genomic-phenotypic 

analysis 
High-Performance Computing 

(HPC) Clusters 
Large-scale computational pro-

cessing for complex models 
Used in genotypic-phenotypic map-
ping (G2P), QTL analysis, and deep 

learning model training 
Federated Databases Distributed data management across 

research institutions 
Enables multi-institutional collabo-
ration for phenotypic data integra-

tion 
Blockchain-Based Data Security Secure and tamper-proof phenotyp-

ing data storage 
Ensures data integrity, transparency, 
and controlled access to phenomics 

datasets 
Natural Language Processing (NLP) 

Models 
Automates metadata annotation and 

dataset organization 
Used in automated phenotypic da-
taset structuring, retrieval, and in-

teroperability 
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FAIR Data Principles (Findable, 
Accessible, Interoperable, Reusa-

ble) 

Standardized data documentation 
framework 

Ensures reproducibility and accessi-
bility of large-scale phenomics da-

tasets 
Edge Computing On-site data processing to minimize 

latency 
Facilitates real-time phenotyping 

data processing and rapid breeding 
selection 

AI-Powered Image Processing 
Tools 

Automated feature extraction and 
stress detection 

Used in hyperspectral imaging, fluo-
rescence analysis, and thermal imag-

ing applications 
Big Data Analytics Platforms Handles large-scale phenotyping da-

tasets 
Enables outlier detection, pattern 

recognition, and predictive model-
ing in breeding programs 

4.1. Automated Data Collection and Sensor Fusion 

Automated data collection in plant phenotyping relies on integrating multiple imag-
ing and sensor technologies to capture plant traits efficiently. AI-driven sensor fusion 
combines these diverse imaging sources, improving data accuracy, noise reduction, and 
stress detection [88]. For example, combining RGB imaging with near-infrared (NIR) sen-
sors allows early detection of water stress by correlating leaf reflectance patterns with 
transpiration efficiency [89]. Deep learning algorithms, including convolutional neural 
networks (CNNs) and random forest classifiers, further refine phenotype classification 
and stress response predictions (Table 3). These automated platforms enhance trait assess-
ment by eliminating human bias and increasing throughput. ML plays a crucial role in 
integrating and analyzing sensor data. AI-based segmentation models can distinguish be-
tween plant organs and background noise, ensuring accurate feature extraction. Further-
more, predictive modeling techniques such as support vector machines (SVMs) and ran-
dom forest regression models help in early stress detection and phenotypic trait classifi-
cation [22]. Automated data pipelines process large datasets in real time, reducing the 
need for manual intervention and streamlining data interpretation. The integration of 
edge computing allows for on-site analysis, ensuring rapid phenotype assessments and 
facilitating immediate breeding decisions [64]. 

4.2. Data Storage, Cloud Computing, and Computational Advances 

Managing large-scale phenotypic datasets requires robust cloud computing plat-
forms and high-performance computing (HPC) clusters. Cloud-based solutions offer scal-
able data storage, parallel processing capabilities, and cross-institutional accessibility, al-
lowing researchers to analyze and retrieve data seamlessly [85]. Platforms such as Google 
Cloud, AWS, and Microsoft Azure provide centralized storage for high-throughput phe-
notyping data, ensuring easy collaboration and real-time processing (Table 4). Advance-
ments in HPC clusters enable the rapid processing of large-scale datasets, accelerating 
G2P mapping, QTL identification, and multi-trait prediction modeling. Federated data-
bases facilitate cross-institutional data sharing, ensuring that datasets remain standard-
ized and accessible for large-scale breeding programs (Table 4). Additionally, blockchain-
based data security frameworks enhance data integrity by ensuring traceability and pre-
venting unauthorized alterations in phenotypic records [63,84]. 

4.3. Multi-Omics Data Integration and AI-Driven Annotation 

Modern phenomics increasingly integrates multi-omics approaches, combining ge-
nomics, transcriptomics, proteomics, and metabolomics with phenotypic information to 
enhance trait discovery, breeding efficiency, and stress resilience studies [63,87]. G2P 
mapping allows researchers to link genetic variations with plant traits, improving MAS 
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and accelerating breeding programs [86]. AI-based multi-omics analysis utilizes deep 
learning frameworks such as long short-term memory (LSTM) networks to uncover com-
plex relationships between genetic and phenotypic data [64]. To improve data manage-
ment, AI-powered metadata annotation ensures that phenotypic datasets are structured, 
indexed, and searchable for long-term research applications. Natural language processing 
(NLP) models automate metadata tagging, improving retrieval and interoperability of 
large datasets. Standardized metadata frameworks, such as the FAIR Data Principles 
(Findable, Accessible, Interoperable, Reusable), ensure data usability and reproducibility, 
facilitating better integration across research studies (Table 3) [84]. 

4.4. Data Quality Management and AI-Enhanced Phenotype Predictions 

Ensuring data quality and consistency in phenomics is critical for obtaining reliable 
biological insights. AI-powered data cleaning, anomaly detection, and predictive analyt-
ics techniques enhance the precision of phenotypic datasets [90]. Big data analytics ena-
bles the identification of outliers, missing values, and sensor inconsistencies, ensuring that 
phenotyping datasets maintain high reliability. AI-driven dynamic filtering techniques it-
eratively refine datasets by removing low-confidence measurements and improving data 
accuracy. Advanced machine learning models, such as random forest regression and 
CNNs, improve phenotype prediction by integrating environmental and genetic factors 
[88]. Automated image processing tools extract features from large phenotypic datasets, 
ensuring efficient trait classification. Additionally, G2P mapping and deep learning-based 
multi-omics integration enable precise MAS, optimizing breeding efficiency [22]. 

4.5. Practical Applications in Breeding and Sustainable Agriculture 

The advancements in AI-driven phenomics have revolutionized plant breeding pro-
grams, optimizing the selection of stress-resilient and high-yielding genotypes [86]. AI-
based phenomic selection models integrate genomic and phenotypic data, improving the 
accuracy of breeding selection processes. Deep learning algorithms such as recurrent neu-
ral networks (RNNs) and attention-based models analyze multi-trait datasets, facilitating 
faster and more accurate trait selection [64]. UAVs equipped with multispectral and ther-
mal sensors provide large-scale field phenotyping, allowing for efficient stress assessment 
across different environments [89]. AI-powered smart agriculture tools integrate real-time 
phenotyping data with agronomic decision support systems, enabling farmers to optimize 
irrigation, fertilization, and pest management strategies based on predictive modeling 
[40]. 

The integration of big data analytics, machine learning, and cloud-based phenomics 
platforms enhances the efficiency of crop health monitoring, resource utilization, and 
yield prediction. By leveraging AI-driven multi-sensor platforms, agricultural research 
can develop sustainable, climate-resilient breeding solutions that improve global food se-
curity [63]. 

5. Current Advancements and Impact of Phenomics Studies on Abiotic 
Stress Management 

Phenomics has become central to modern plant science, particularly in addressing 
the growing need for crops that can withstand abiotic stresses such as drought, salinity, 
heat, and waterlogging [62]. HTP technologies, which integrate advanced imaging sys-
tems, sensors, and data analysis tools, have enabled researchers to capture plant responses 
to stress at unprecedented scales and resolutions [91]. Recent studies highlight the critical 
role that phenomics is playing in breeding programs and agricultural research, helping us 
better understand plant physiology and stress adaptation mechanisms [84]. 
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Drought and heat stress are among the most critical abiotic stressors affecting global 
agriculture, and phenomics has been instrumental in advancing our understanding of 
plant responses to these conditions [36,86]. Thermal infrared imaging has revolutionized 
drought tolerance screening by enabling researchers to measure canopy temperature de-
pression a reliable indicator of drought resilience [68,88]. This non-invasive method al-
lowed researchers to rapidly screen large populations of maize genotypes, identifying 
those that maintained cooler canopies under drought stress [88]. Canopy temperature de-
pression is now widely regarded as a reliable indicator of drought resilience, and similar 
methods are being applied in other crops, including wheat and rice. Fahlgren et al. (2015) 
expanded on this work by employing thermal imaging in a field-based study of wheat 
genotypes exposed to heat stress [68]. They demonstrated that thermal imaging could de-
tect subtle differences in stomatal conductance and transpiration rates, critical for under-
standing heat tolerance. These studies provided actionable data for breeding programs 
and demonstrated the versatility of thermal imaging as a tool for large-scale stress pheno-
typing. Integrating thermal imaging into phenomics platforms has significantly sped up 
the identification of stress-tolerant genotypes, enabling faster crop improvement [90,91]. 

Salinity stress is a growing concern in many parts of the world, where soil saliniza-
tion threatens agricultural productivity [44]. Traditional methods of salinity tolerance 
screening were slow and often lacked the precision needed to differentiate between stress 
responses at early stages. Hyperspectral imaging has addressed this gap by offering a non-
invasive way to monitor physiological changes in plants exposed to salt stress. Romer et 
al. (2012) [92] utilized hyperspectral imaging to track changes in leaf reflectance in wheat 
under salt stress. By capturing spectral signatures corresponding to water content, chlo-
rophyll levels, and pigment composition, hyperspectral imaging allowed the early detec-
tion of salt stress before visible symptoms appeared [91]. The study showed that specific 
wavelengths in the near-infrared region were highly correlated with salt-induced physi-
ological changes, making hyperspectral imaging an invaluable tool for early stress detec-
tion [72]. 

The benefits of hyperspectral imaging extend beyond early detection the researchers 
used hyperspectral data to calculate vegetation indices such as the NDVI and PRI. These 
indices were directly linked to pigment concentration and biomass, helping identify salt-
tolerant genotypes in large breeding populations [88]. The capacity to differentiate stress 
responses at the physiological level has made hyperspectral imaging one of the most pow-
erful tools in phenomics, enabling more accurate and faster phenotyping of stress re-
sponses across different environments. 

While aboveground phenotyping has received significant attention, developing high-
throughput root phenotyping platforms has brought a much-needed focus on how root 
systems respond to abiotic stress. Studying root system architecture (RSA) is crucial for 
understanding water and nutrient uptake under drought and nutrient-deficient condi-
tions [32]. 

In one of the pivotal studies on root phenomics, Nagel et al. (2012) [32] used the 
GROWSCREEN-Rhizo platform to study root traits such as root depth, lateral root 
growth, and root angle in response to drought. The platform utilized a combination of 
non-invasive imaging and automated data collection to phenotype root architecture with 
high precision. The study showed that deeper root systems were associated with better 
drought tolerance, and phenomics tools like GROWSCREEN-Rhizo have since been inte-
grated into breeding programs to select root traits that confer resilience to water scarcity 
[32]. Similarly, Atkinson et al. (2019) employed X-ray computed tomography (CT) to phe-
notype root systems in controlled environments, allowing the researchers to visualize root 
growth in three dimensions [35]. CT scanning provided detailed insights into how differ-
ent root traits, such as root diameter and volume, contribute to drought resistance [91]. 
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These advancements in root phenomics are significant because they provide a complete 
picture of plant responses to abiotic stress, combining shoot and root data to improve 
breeding outcomes. 

One of the most promising areas of phenomics is the integration of multiple imaging 
techniques into a single platform, allowing for the simultaneous capture of various phys-
iological and morphological traits [62]. A study by Jahnke et al. (2009) combined PET and 
MRI to investigate carbon allocation and water transport in sugar beet taproots under 
drought conditions [34]. This study demonstrated how the integration of PET and MRI 
provided real-time data on metabolic and structural changes, offering a holistic view of 
how plants cope with water scarcity. Another breakthrough in integrated imaging sys-
tems is multispectral imaging combined with three imaging technologies. Rahaman et al. 
(2015) [27] showed that by combining these two methods, researchers could capture spa-
tial and spectral data on plant architecture and stress responses. This integrated approach 
allowed for more precise measurements of traits such as leaf area, biomass accumulation, 
and pigment content, which are critical for understanding how plants adapt to stress over 
time. These integrated systems benefit the field by enabling researchers to phenotype 
more complex, previously difficult-to-quantify traits [62]. The ability to capture detailed 
physiological data alongside structural changes provides a more comprehensive under-
standing of how plants respond to abiotic stress, ultimately leading to more targeted 
breeding strategies [22]. 

6. Challenges and Limitations 
HTP has transformed plant science, yet significant challenges hinder its broader ap-

plication in research and commercial agriculture. Addressing limitations in cost, scalabil-
ity, standardization, and data processing is crucial for aligning phenomics with sustaina-
ble agriculture [84]. 

A major barrier is the high cost of advanced phenotyping platforms like LiDAR, hy-
perspectral imaging, and robotic-assisted systems, which limits accessibility, particularly 
in low-resource settings [63,85]. While low-cost alternatives such as smartphone-based 
imaging and UAVs exist, they often lack automation and precision, reducing their utility 
in large-scale breeding programs [3]. Additionally, AI-driven phenotyping remains con-
strained by proprietary datasets and biased training models, restricting its effectiveness 
across diverse crop species and environments [88]. 

Lack of standardization and reproducibility further complicates phenomics research. 
Studies using UAV-based imaging and hyperspectral sensors often yield inconsistent re-
sults due to variations in sensor configurations, imaging conditions, and environmental 
factors [90]. Without universal data collection protocols, cross-study comparisons and 
large-scale implementation remain difficult [86]. Data processing bottlenecks also pose 
challenges, as HTP generates massive datasets requiring advanced computational tools 
[63]. While cloud computing solutions such as Google Cloud and AWS facilitate large-
scale data analysis and collaboration, adoption remains limited in agricultural research 
[84]. Emerging technologies like blockchain offer secure data tracking, but their applica-
tion in phenomics is still in its infancy [64]. 

Field implementation remains problematic, as many HTP platforms optimized for 
controlled environments struggle in real-world conditions due to environmental variabil-
ity [89]. For example, thermal imaging, effective in greenhouses, loses accuracy in open 
fields due to canopy shading and background interference. Similarly, UAV-based imag-
ing is affected by motion artifacts and wind variability, reducing data reliability [88]. De-
veloping sensor fusion techniques that integrate multiple imaging modalities, such as Li-
DAR with hyperspectral sensors, could improve field phenotyping accuracy [23]. 
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Additionally, multi-omics integration remains a challenge, as bioinformatics pipe-
lines struggle to process complex datasets linking phenotypic traits with genomic, tran-
scriptomic, and metabolomic data [85]. Current genomic selection models often fail to ac-
count for genotype × environment interactions, limiting their predictive power [84]. 
Strengthening AI-driven predictive models and computational frameworks can improve 
breeding efficiency by making better use of high-dimensional phenotypic data [91]. 

To address these challenges, research must prioritize standardized phenotyping pro-
tocols, improved AI models, expanded cloud computing adoption, and adaptive field-
based sensing [17]. By overcoming these limitations, HTP can become a more scalable, 
accessible, and effective tool for breeding climate-resilient crops, contributing to sustain-
able agriculture and food security [18]. 

7. Future Directions in Phenomics for Sustainable Agriculture 
To overcome the limitations of HTP and align phenomics with sustainable agricul-

ture, advancements in cost reduction, AI-driven analysis, and interdisciplinary collabora-
tion are essential. Integrating affordable, scalable phenotyping solutions, AI-enhanced 
predictive analytics, and collaborative multi-disciplinary research will be key to expand-
ing the impact of phenomics in both research and commercial agricultural settings. 

7.1. Cost and Scalability 

The high cost of phenotyping platforms remains a major limitation, particularly for 
resource-limited institutions. Technologies such as hyperspectral imaging, root phenotyp-
ing platforms, and robotic-assisted systems require substantial investments in infrastruc-
ture, specialized hardware, and proprietary software [5,10]. Addressing these cost barri-
ers requires scalable, field-deployable solutions that balance affordability with accuracy. 

A promising approach involves low-cost handheld and smartphone-based sensors 
using RGB, infrared, and multispectral imaging to assess plant traits such as chlorophyll 
content, water status, and biomass accumulation [18,21]. These tools provide real-time 
phenotypic assessments, reducing dependence on expensive lab-based imaging systems. 
Similarly, UAV based platforms equipped with multispectral and thermal sensors offer 
efficient large-scale field phenotyping, significantly reducing labor costs and time while 
improving data collection efficiency across diverse agroecological regions [20,38,62]. 

Additionally, open-source software and AI-powered cloud computing platforms are 
making phenotypic data analysis more accessible. Instead of relying on costly proprietary 
software, researchers can use AI-driven open-source tools such as PlantCV, Deep-
PlantPheno, and OpenPheno, which provide automated solutions for large-scale pheno-
typic data processing and real-time trait analysis [66,70]. Expanding the adoption of 
cloud-based infrastructure will further reduce computational costs and improve global 
data-sharing in phenomics. 

7.2. Integration of AI and Machine Learning 

The integration of AI and ML is revolutionizing phenomics by enabling automated 
analysis of large-scale, high-dimensional datasets generated from imaging systems, sen-
sors, and environmental monitoring tools [91]. These technologies enhance the speed and 
accuracy of data interpretation, eliminating labor-intensive manual assessments. AI mod-
els such as CNNs and random forests can predict stress responses, yield potential, and 
nutrient-use efficiency across different environmental conditions [88,93]. For instance, 
ML-based hyperspectral data analysis has successfully predicted drought stress tolerance 
with high accuracy [77]. Moreover, AI-powered real-time stress detection models can 
identify early physiological changes before visible symptoms appear, allowing for timely 
interventions to prevent crop losses and optimize resource use [5,91]. 
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Further advancements in deep learning frameworks, e.g., TensorFlow, PyTorch will 
enable AI-driven models to autonomously analyze multimodal datasets, integrating data 
from hyperspectral, thermal, and 3D imaging to generate comprehensive stress-response 
profiles. These real-time, scalable AI-powered systems will be crucial for commercial phe-
notyping applications and large-scale breeding programs. 

7.3. Interdisciplinary Collaboration 

The future of phenomics depends on interdisciplinary collaboration between plant 
scientists, engineers, data scientists, and computer scientists. Effective phenotyping re-
quires not just advanced sensor and AI technologies but also domain-specific biological 
expertise to ensure the collected data are accurately interpreted and applied to breeding 
programs [94,95]. Collaborations between engineers and plant scientists have led to the 
development of multi-sensor phenotyping platforms, which simultaneously measure root 
and shoot traits, water use efficiency, and stress responses under different environmental 
conditions [96]. For instance, combining multispectral imaging with 3D reconstruction 
provides deeper insights into plant architecture and biomass accumulation, while thermal 
sensors improve real-time stress monitoring [32,39]. 

Additionally, partnerships with agricultural economists and policymakers will help 
translate phenomics insights into actionable strategies for sustainable agriculture. AI-
driven phenomics models can support decision-making on water use, crop management, 
and climate resilience, ensuring that research findings inform real-world agricultural pol-
icies [31,32]. By integrating affordable phenotyping technologies, AI-driven predictive an-
alytics, and interdisciplinary collaborations, phenomics can become a scalable and effec-
tive tool for breeding climate-resilient crops, contributing to global food security and sus-
tainable agricultural practices (Figure 4). 

 

Figure 4. Integration of HTP and AI-driven analysis. 

8. Conclusions 
The evolution of HTP and phenomics has revolutionized plant science, particularly 

in addressing the challenges of abiotic stresses such as drought, salinity, and heat. By en-
abling precise, large-scale, and non-destructive trait measurement, phenomics has trans-
formed crop improvement strategies, accelerating the selection of stress-resilient 
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genotypes. This review has underscored how advanced imaging techniques, sensor-based 
platforms, and AI-driven data analytics contribute to a deeper understanding of plant re-
sponses to environmental stresses. 

Beyond its technical advancements, phenomics plays a pivotal role in ensuring agri-
cultural sustainability and food security in the face of climate change and increasing 
global demand for resilient crops. However, several challenges must be addressed to fully 
harness its potential. The high costs and scalability limitations of sophisticated phenotyp-
ing platforms remain significant barriers, particularly in resource-constrained regions. 
Additionally, the vast amounts of data generated require robust management systems, 
standardized protocols, and efficient computational tools to extract meaningful insights. 
Artificial intelligence and machine learning have begun to address these challenges, 
streamlining data processing, improving predictive accuracy, and enhancing real-time de-
cision-making in breeding programs. 

Moving forward, the integration of low-cost, field-deployable phenotyping solu-
tions, AI-driven analytical frameworks, and interdisciplinary collaborations will be criti-
cal in making phenomics more accessible and impactful. The convergence of phenomics 
with multi-omics approaches, cloud computing, and automated data pipelines will fur-
ther bridge the gap between genotype and phenotype, enhancing breeding efficiency and 
precision agriculture applications. 

In conclusion, phenomics is not just a technological advancement, it is an essential 
driver of next-generation crop improvement strategies. Its ability to rapidly and accu-
rately identify stress-resilient genotypes makes it a cornerstone of sustainable agriculture. 
As phenotyping technologies continue to evolve, their integration into breeding programs 
will be fundamental in ensuring that global agriculture remains adaptable, productive, 
and resilient to future environmental challenges. 
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