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Introduction

Every successful crop begins with a quality seed.
Seed quality determines crop establishment,
productivity, resilience to  environmental
stresses, and ultimately farmers’
Traditionally, seed quality assessment has relied
on laboratory tests such as germination, purity,
vigour, moisture estimation, and seed health
testing. Although these methods are reliable,
many are labour-intensive, time-consuming, and

income.

often destructive.

The emergence of Artificial Intelligence (Al) is
transforming this scenario. Al is revolutionizing
seed science by enabling rapid, non-destructive,
highly accurate, and automated assessment of
seed quality. By integrating machine learning,
computer  vision, robotics, hyperspectral
imaging, and big data analytics, Al is helping
researchers, seed industries, and farmers make
faster and more reliable decisions than ever
before.

Recent reviews describe this shift as a move
from conventional seed evaluation to an
“intelligent seed design” paradigm.
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Why Does Seed Science Need Artificial
Intelligence?

More than 90% of global food crops are
established from seeds, making seed quality one
of the most critical factors affecting agricultural
productivity. However, conventional seed testing
requires  trained personnel,  sophisticated
laboratories, and considerable time.

Some commonly used tests require:

e Germination test: 7-21 days depending on

crop

e Vigour tests: several days

e Health testing:  multiple laboratory
procedures

e Variety identification: expert examination

Al dramatically reduces the time required for
many of these assessments while improving
consistency and minimizing human subjectivity.

What is Artificial Intelligence?

Artificial Intelligence refers to computer systems
capable of performing tasks that normally
require human intelligence, including learning,
recognizing patterns, making predictions, and
solving problems.
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Major Al technologies used in seed science
include:

e Machine Learning (ML)

e Deep Learning (DL)

e Computer Vision

e Convolutional Neural Networks (CNN)
e Robotics

e Image Analysis

e Internet of Things (IoT)

e Big Data Analytics

Together, these technologies enable rapid and
objective analysis of thousands of seeds in a
short period.

Major  Applications of  Artificial

Intelligence in Seed Science

Artificial Intelligence (Al) has emerged as one
of the most transformative technologies in
modern agriculture, and its application in seed
science is rapidly redefining the way seed
quality is evaluated, monitored, and managed
(Rahman & Cho, 2016; Barad et al., 2024; Chen
et al, 2025). Conventional seed testing
procedures such as germination tests, vigour
assessment, purity analysis, seed health testing,
and varietal identification have long served as
the foundation of seed quality assurance.
these methods are often labour-
intensive, time-consuming, destructive, and
dependent on skilled personnel (ISTA, 2025;
Rahman & Cho, 2016). Recent advances in
machine learning (ML), deep learning (DL),
computer vision (CV), robotics, hyperspectral
imaging (HSI), near-infrared spectroscopy
(NIRS), X-ray imaging, and Internet of Things
(IoT)  technologies have  enabled the
development of intelligent systems capable of
performing rapid, non-destructive, and highly

However,
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accurate seed analysis (Barad et al., 2024; Chen
et al, 2025; Plant Communications, 2026).
These technologies are increasingly being
adopted in seed research laboratories, seed
certification agencies, and commercial seed
industries to improve efficiency, precision, and
decision-making.

o 4. Variety Tdemtification

3, Digital Seed

Phenotyping

1. Automated Seed Quality Testing

Automated seed quality testing is among the
most mature applications of Al in seed science.
Traditionally, seed analysts evaluate physical
purity and seed quality by manually examining
seed samples for characteristics such as size,
colour, shape, mechanical injury, inert matter,
and contamination. Although reliable, manual
evaluation is subjective and prone to operator
variability (Rahman & Cho, 2016; ISTA, 2025).

Al-powered computer vision systems overcome
these limitations by capturing high-resolution
digital images using RGB cameras, multispectral
cameras, or hyperspectral sensors (Rahman &
Cho, 2016; Barad et al., 2024). Sophisticated
image-processing algorithms first segment
individual seeds from the background and then
extract morphological, colour, and texture
features. Deep learning models, particularly
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Convolutional Neural Networks (CNNs),
automatically learn distinguishing characteristics
without requiring manual feature engineering
(LeCun et al., 2015; Chen et al., 2025). These
models can classify seeds into different quality

grades, detect damaged or immature seeds,

quantify foreign materials, and identify broken
seeds within seconds (Figure 1).

Fig. 1: Al-Powered Seed Quality Analysis: A
Comprehensive View

Studies have demonstrated that Al-based image
analysis can achieve classification accuracies
exceeding 95% for several crop species
including soybean, maize, rice, wheat, chickpea,
and cotton (de Medeiros et al., 2020; Barad et
al., 2024). Deep learning algorithms have
substantially reduced analysis time while
providing consistent and objective results,
making them particularly valuable for high-
throughput seed testing laboratories. Such
automated systems also improve traceability
because digital records of every analysed seed
lot can be archived for future verification (Crop
Design, 2025).

Furthermore, Al-assisted seed testing minimizes
human bias, reduces labour costs, and enables
real-time monitoring of seed processing
operations. The integration of robotics with
machine vision further allows fully automated
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sampling, grading, and quality inspection in
modern seed processing plants (Barad er al.,
2024).

2. Prediction of Seed Germination and
Vigour

One of the most promising developments in seed
science is the use of Al to predict seed
germination and vigour before
Conventional germination tests require several
days or even weeks depending on crop species,
whereas Al-based predictive systems provide
rapid estimates without destroying the seed.
Machine learning algorithms integrate multiple
sources of information, including digital seed
images, X-ray radiographs, hyperspectral
images, near-infrared (NIR) sp ectra, chlorophyll
fluorescence, thermal imaging, and biochemical
markers (Figure 2) (de Medeiros et al., 2020;
Rahman & Cho, 2016).
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Fig. 2: Multiple information integration in seed
science

For example, X-ray imaging enables
visualization of embryo integrity, endosperm
development, insect damage, and internal
fractures (ISTA, 2025). Hyperspectral imaging
combines conventional imaging with

spectroscopy to provide information on moisture
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distribution, protein composition, starch content,
lipid distribution, and metabolic status (Rahman
& Cho, 2016). Machine learning algorithms
analyse these complex datasets to predict
germination percentage, seedling emergence,
seed vigour index, and even field performance.

Recent studies have reported prediction
accuracies exceeding 90-95% for seed
germination and vigour classification under
controlled experimental conditions (de Medeiros
et al., 2020; Chen et al., 2025). Interactive
machine learning models developed for soybean
successfully classified seed lots according to
vigour and predicted seedling performance using

image-derived features.

The integration of Al with metabolomics,
transcriptomics, and proteomics is expected to
further prediction accuracy by
identifying molecular biomarkers associated
with seed longevity and physiological ageing
(Plant Communications, 2026).

improve

3. Seed Health Detection

Seed-borne pathogens are responsible for
significant reductions in crop establishment and
yield worldwide. Many fungal, bacterial, viral,
and nematode infections remain latent within
seeds and cannot be detected through visual
examination alone (Maude, 1996; ISTA, 2025).
Artificial Intelligence, combined with advanced
imaging technologies, offers rapid and non-
destructive alternatives for detecting seed-borne

diseases (Rahman & Cho, 2016).

Deep learning algorithms trained on thousands
of annotated seed images
distinguish healthy and infected seeds (Figure 3).
CNN-based models have shown excellent
performance  in  identifying

can accurately

Fusarium,
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Aspergillus, Alternaria, and other economically
important seed-borne pathogens (Chen et al.,
2025). Early identification of infected seeds
enables effective disease management, prevents
pathogen  dissemination, improves  seed
certification efficiency, and enhances crop
establishment (Barad et al., 2024).
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Fig. 3: Deep learning seed classification

4. Variety Identification

Maintaining genetic purity is one of the primary
objectives of seed certification programmes
(ISTA, 2025). Artificial Intelligence provides a
rapid  alternative by  analysing  subtle
morphological and spectral differences among
seed varieties (Barad et al., 2024).

Deep learning algorithms can simultaneously
analyse hundreds of morphological and spectral
variables, enabling discrimination
among closely related varieties that are difficult
to distinguish visually (Figure 4) (Chen et al.,
2025).

accurate

Al-based variety identification has shown
excellent results in crops such as rice, wheat,
maize, soybean, chickpea, and groundnut
(Rahman & Cho, 2016).
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Fig. 4: Artificial intelligence for seed variety
discrimination

5. Digital Seed Phenotyping

Digital seed phenotyping combines computer
vision, artificial intelligence, and automated
image analysis to rapidly quantify multiple seed
traits simultaneously (Chen et al., 2025). Al
algorithms can measure seed length, width,
thickness, projected area, perimeter, aspect ratio,
circularity, roundness, colour intensity, texture
uniformity, surface roughness, and volume with
remarkable precision (Figure 5) (Barad et al.,
2024).
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Fig. 5: Digital seed phenotyping

High-throughput phenotyping platforms
equipped with robotic conveyors and imaging
systems can analyse thousands of seeds per hour,
providing large datasets for breeding
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programmes and genetic studies (Chen et al.,
2025).

6. Smart Seed Processing

Artificial Intelligence is increasingly
transforming commercial seed processing
operations (Crop Design, 2025). Al algorithms
continuously inspect seeds during processing
and automatically classify them according to
colour, size, density, shape, and physical
integrity (Figure 6) (Barad et al., 2024).
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Fig. 6: AI Driven commercial seed processing
optimization

maintenance algorithms identify
equipment wear before failure occurs, thereby
reducing downtime and maintenance costs (Plant

Communications, 2026).

Predictive

7. Predicting Seed Longevity

Artificial Intelligence provides a novel approach
for predicting seed longevity by integrating
multidimensional  datasets including seed
moisture content, storage temperature, relative
humidity, biochemical composition, antioxidant
capacity, metabolite  profiles, imaging
characteristics, and historical storage records
(Figure 7) (Plant Communications, 2026).
Machine learning algorithms identify complex
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relationships among these variables that are
difficult to model using conventional statistical
methods (Crop Design, 2025).
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Fig. 7: Al based seed longevity prediction:
integrating multidimensional datasets

Recent studies suggest that
metabolomic biomarkers such as

integrating

raffinose
family oligosaccharides, antioxidant metabolites,
membrane lipid composition, and oxidative
stress  indicators with Al models can
substantially improve prediction of storage life
(Nagel & Borner, 2010; Plant Communications,
2026).

8. Precision Seed Production

Artificial Intelligence extends beyond laboratory
testing into precision seed production systems
(Zhang et al., 2002; Wolfert et al., 2017).

Al integrates information from weather stations,
satellite imagery, drone-based remote sensing,
soil sensors, GPS-enabled machinery, crop
simulation models, and IoT devices to support
real-time decision-making throughout the seed
production cycle (Figure 8) (Wolfert et al.,
2017).

Drone-mounted multispectral cameras further
monitor crop health, flowering synchrony,
nutrient deficiencies, and seed maturation across
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large production fields (Liakos et al., 2018).As
climate variability increases, Al-based precision
seed production will become increasingly
important for ensuring consistent seed quality
and sustainable agricultural production (FAO,
2022).
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Fig. 8: Al-driven precision seed production
systems

Al Tools Used in Modern Seed Research

Modern seed laboratories employ several
advanced technologies:

Technology Major Application
RGB Imaging Seed grading
Hyperspectral Internal quality
Imaging assessment

Near-Infrared Chemical composition

Spectroscopy

X-ray Imaging Internal damage
detection

Thermal Imaging Seed viability

Machine Vision Automated inspection

Deep Learning Disease detection
Robotics High-throughput  seed

handling
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Benefits of AI in Seed Science:

Artificial offers

advantages:

Intelligence numerous

e Rapid and non-destructive testing
e Reduced human bias

e High repeatability

e Improved precision

e Lower labour requirements

e Faster decision-making

e High-throughput seed screening
e Better traceability

e Improved seed certification

e Enhanced crop productivity

Current Challenges

Despite its enormous potential, Al adoption in
seed science faces several challenges:

e High initial investment

e Requirement for large, high-quality datasets
e Need for trained personnel

e Standardization of AI models

e Limited accessibility for small laboratories

e Integration with existing seed testing
protocols

Addressing these challenges will require

collaboration = among  researchers,  seed

companies, engineers, software developers, and
policymakers.

The Future of Al in Seed Science

The next generation of seed science is expected
to combine:

e Artificial Intelligence
e Multi-omics technologies
e Digital twins
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e Robotics

e Autonomous seed testing laboratories
e Internet of Things (IoT)

e Cloud computing

Future Al systems may not only evaluate seed
quality but also predict seed longevity,
recommend storage conditions, identify ideal
seed lots for specific environments, and
accelerate breeding by integrating genomic,
phenotypic, and environmental information.

Conclusion

Artificial Intelligence is no longer a futuristic
concept - it is becoming an essential tool in
modern seed science. From automated quality
testing and disease detection to digital
phenotyping and intelligent seed design, Al is
making seed evaluation faster, more objective,
and more reliable. As digital technologies
become more affordable and accessible, their
adoption will strengthen seed quality assurance,
improve crop productivity, and contribute
significantly to global food security. The
integration of Al with seed science marks the
beginning of a new era where smart seeds,
supported by smart technologies, will help build
a more resilient and sustainable agricultural
future.
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