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Abstract - Over 295 million people in 53 countries experience acute food insecurity due to factors like famine, war, climate
change, and conflict zones. Sustainable Development Goal 2: Zero Hunger aims to achieve food security, improve nutrition,
end hunger, and promote sustainable agriculture. Balancing farming with environmental protection is crucial, especially in
the face of climate change and globalization. Studying plant phenomics, which focuses on how plants grow and react to
climate change, can help develop more productive and stronger crops. Advanced technology, such as High-throughput plant
phenotyping, can provide detailed data for accurate predictions and better disease control. This article aims to explore the use
of Al and machine learning in plant phenotyping, the integration of imaging technologies, 10T, and sensors, and the
application of various technologies, including Brinjal, in vegetable phenotyping. Artificial Intelligence, 10T devices, edge
computing, computer vision, and advanced sensor technologies are revolutionizing sustainable agriculture. These
technologies provide real-time data, early detection of diseases, and improved nutrient, water, and pest management. Auto
Machine Learning, Explainable Al, and Deep Learning enhance understanding and optimize breeding cycles. This

combination of multi-omics data, machine learning, and smart tools is crucial for smart and sustainable agriculture,

promoting farmer-based innovation and cross-sector collaboration.
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1. Introduction

According to the 2024 report of the Food Security
Information Network (FSIN), in 53 countries, over 295
million people experience acute food insecurity. It could be
due to multiple factors, such as famine, war, climate change,
conflicting zones, etc The only constant is the escalating
world hunger [1]. Sustainable Development Goal 2: Zero
Hunger was introduced as it aims to achieve food security,
improve nutrition, end hunger, and promote sustainable
agriculture [2]. The Brundtland Report in 1987 introduced
the concept of sustainable agriculture, although the definition
is not explicit, which has hindered its implementation [3].
Modern farming requires sustainable practices, but it is not
an oversimplified science. Low-tech or simple farming is not
always the solution; balancing farming with environmental
protection by mitigating the harmful effects of modern
farming is a sustainable approach. As farming is affected by
numerous issues, such as climate change and globalization
[4], this approach is particularly relevant. Sustainable
farming is about striking a balance between not damaging
nature for future generations while also producing food that

OSOE)

meets their needs. Adding the nutrients back into the soil
after farming keeps the soil fertile, and establishing
alternative methods like converting farmlands into forests
instead of pastureland, to meet the increasing demand,
growing livestock is not a viable solution [5]. Sustainability
in farming needs to be defined in a practical, scientific, and
clear way because sustainable farming as an approach means
following sustainable ideas and practices, and as a property,
means a farming system that helps in guiding how it should
change over time; neither of them is a practical and realistic
approach [6] Farming is very challenging and ever-changing,
as it is affected by many factors, such as nature, climate
change, the economy, etc. Modern farming and farming
policies should be constructed in a way that helps poor
people, which is equipped to deal with real-life challenges
and changes in farming styles [7].

The world’s population is increasing rapidly, and
feeding it while maintaining sustainability may meet present
demand, but it is not enough to meet future demands. Hence,
studying plant phenomics on how the plants grow and react
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to climate change helps in growing more productive and
stronger crops [8]. The observational trait or characteristic of
an organism and how its genes interact with its environment
is termed the Phenotype. Though traditionally, the study of
phenotypes is just physical traits, modern science and its
tools have allowed us to study phenotypes and their
connection with genes at a deeper and more complex level
[9]. Plant phenotyping is the least researched part, and to
come up with better crops to meet the harsh climate change
and demands in the future, a cheaper, faster, more automated,
and accurate way is required to genetically produce a better
crop [10].

New technology allows scientists to study large amounts
of data on plant phenotypes deeply and quickly. The High-
Throughput Plant Phenotyping (HTP) uses advanced
technology and sensors such as RGB camera, Thermal
Infrared/Long Wave Infrared (TIR/LWIR), Light Detection
and Ranging (LIDAR), Fluorescence (FLUO) Infrared (IR),
Al software for image analysis, and Hyperspectral (HIS) that
helps in measuring various traits of many plants on a deeper,
complex level and more accurately [11]. Plant growth and
quality are easily affected by their ecosystem’s climate; a
change in the climate affects their production. Even though
we currently have strong tools to study plant phenotyping,
models are less accurate on the ecosystem level due to a lack
of detailed data on the species level; hence, we need better
models to get detailed data to understand and make accurate
predictions [12]. Traditional ways of studying plants are
limited and cannot provide a deeper understanding of the

plant, but with tools such as Atrtificial Intelligence (Al) and
multi-omic data, i.e., proteomics, genomics, metabolomics,
and transcriptomics, scientists can gain a wider picture and
understanding that will lead to better disease control, smarter
farming, stronger crops, and sustainable agriculture [13].

The objectives of this article are:

e To explore the use of Al and machine learning in plant
phenotyping.

e To study the fusion of imaging technologies, 10T, and
sensors in plant phenotyping.

e To examine the utilization of various technologies in
vegetable phenotyping, including Brinjal.

This review is novel in providing a focused synthesis of
Al applications in Brinjal phenotyping, a crop that has
received limited attention in phenomics research. It uniquely
consolidates insights on the fusion of Imaging, 10T, and
sensor technologies for vegetable trait characterization. By
centering on Brinjal within the broader context of plant
phenotyping, it fills a critical gap and guides future crop
improvement studies.

The manuscript organization of this article is as follows:
Research Methodology is in Section 2, Overview of Plant
Phenotype in Section 3, Role of Artificial Intelligence in
Plant Phenotyping in Section 4, Computer vision-based plant
phenotyping in Section 5, Role of 10T devices and sensors in
plant phenotyping in Section 6, Recommendations are in
Section 7, and Section 8 contains the Conclusion.

1. Introduction

2. Methodology

3. Overview of plant phenotype

6. Role of 10T & Sensors in plant
phenotyping

5. Computer vision based plant
phenotyping

4. Role of Al in Plant Phenotyping

7. Recommendation

8. Conclusion

Fig. 1 Manuscript organization

2. Methodology

At the initial stage, a total of 150 articles were reviewed
for this article, and out of them, 61 articles that were most
suitable for our article were considered, which fall under the
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related categories of Artificial Intelligence, Internet of
Things, Sensors, Computer Vision, and Deep Learning in
Plant Phenotyping. The selection was made with an emphasis
on technical depth, recency, and advancements made towards
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phenotyping. The articles primarily focused on the
application of Al, conceptual framework, general
phenotyping, sustainable farming, Computer Vision, loT
devices, and sensors from the reputed publishers like IEEE,
Springer, Elsevier, MDPI, Taylore &Francis, Wiley and
other specialized journals, which represent the balance of
both foundational research and cutting-edge technological
integration in plant phenotyping.

3. Overview of Plant Phenotyping

“The Green Revolution” in the 1960s helped combat
Hunger and meet the needs of the growing population, but
the population boom has only doubled since then; hence, a
new revolution in the name of Sustainable Agriculture is
needed [8]. The modern world has brought a lot of
challenges to the ecosystem, such as population growth, heat,
salinity, floods, climate change, etc, which affect the plant's
ability to react to stress. To understand this and make sure
plants can cope with this stress, accurate genome data and
phenotyping are necessary [14]. To combat this stress and
improve crop production, a climate-resilient crop can be
developed using a combination of modern genetic techniques
and traditional breeding. These crops could have adaptive or
constitutive traits, which will either only come up when
stressed or be always active, respectively. However, faster

Leads to

Agricultural
challenges

Genotyping
& Data
Tools

Supported by

and more accurate phenotyping is required to select and
identify the best plant [15]. It is easy to study how plants
look, that is, morphology, and that has been the traditional
way, but understanding how they work and function under
stress, like in drought, is called ‘Physiolomics”.
Physiolomics provides a deeper understanding by measuring
the functioning of the plants, which helps select drought-
tolerant plants [16]. Plant phenotyping is often combined
with genotyping, which uses DNA markers to aid breeders in
detecting and mixing desirable traits that produce a stronger
harvest. However, analyzing and evaluating the vast data
remains a challenge. Tools such as The Hordeum Toolbox
(THT), which was developed for barley, solve some of these
challenges, but similar tools are required for different crops
[17]. Having DNA data for the plant has not yielded the
expected improvements due to the lack of phenotypic data.
To accurately and quickly gather the phenotypic data,
phenotypic tools such as computers, sensors, robots,
cameras, and analytical algorithms were developed. These
tools facilitate the connection between plant genes and their
traits, thereby accelerating genomics-assisted breeding
through Quantitative Trait Loci Mapping (QTL) mapping
and Genome-Wide Association Study (GWAS) [18], as this
can be visualised in Figure 2.
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Outcome
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Fig. 2 Framework for plant phenotyping in climate-resilient agriculture

4. Role of Artificial

Phenotyping

The advancement in plant phenomics was achieved due
to the rise of new technologies, Artificial Intelligence (Al),
especially Deep Learning (DL), Machine Learning (ML),
and Computer Vision. These new technologies are paired

Intelligence in Plant

48

with non-invasive imaging sensors that collect and analyze
plant data more accurately and efficiently. The creation of
open-source tools and software for data sharing and
collecting is made easier through Al [19]. Analyzing
microscopic images with Al and DL has become accurate
and faster, especially on a large scale. Utilising explainable
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Al and automated imaging robots can now assist in
identifying important biological traits [20]. To cope with the
challenges provided by the traditional method, Al and
advanced sensors are used to analyze and collect plant data

Data Collection
Technologies (Input stage)

Non-invasive Advanced

Data Acquisition
Tools

Technologies for
Data Analysis

more accurately. High-Throughput Phenotyping (HTP) is the
process that uses tools like drones, Multispectral,
Hyperspectral, and Thermal Infrared (TIR) cameras to track
plant disease, health, stress, and growth [21].

Application Layer (Results
from Al)

Sustainable
Farming,

Smart
Agriculture

Smart Agri-Field
Management

Applications

Al & Data Analysis Layer
(Processing Stage)

Outcome (Final Goals)

Fig. 3 High-throughput plant phenomics via Al technologies

Deep learning system, AlexNet, is adopted for crop
health assessment and classification. These data are collected
via 10T sensors for real-time data, drones (UAVS) for aerial
crop monitoring, and computer vision for image analysis,

DNNs in
Hydroponics;
Deep learning used
for image analysis

Modern technology
revolutionizes
agriculture
(Agriculture 4.0)

creating a Smart Agri-Field Management System. This
system yielded an F1-score of 0.98 in Growth monitoring, an
F1-score of 1.0 in Health identification, and an F1-score of
0.81 in crop detection [22].

GAN:Ss for Data
Generation;
Al models generate
synthetic plant
images

LEAFPROCESSOR
Tool
Al tool for leaf form
analysis

Pheno-parenting
Implementation;
Plants tracked for
better growth

ResNet-20
Application;
CNN architecture for
species recognition

MMF-Net for Disease
Detection;

CNN system for corn

leaf disease detection

Fig. 4. The technology tree of pheno-parenting & plant disease detection

Achieving sustainable farming and food security is
possible through crop improvement by adopting High-
Throughput Phenotyping (HTP) and Artificial Intelligence
(Al), as it measures large amounts of data of crop traits
accurately and quickly. Employing HTP technologies like
drones, 3D Imaging, hyperspectral cameras, and imaging
sensors combined with Computer vision and machine
learning yields beneficial results [23], as demonstrated in
Figure 3. Modern technology has brought forth Agriculture
4.0, which analyzes and monitors a plant’s growth to
improve yield. Pheno-parenting is a new concept in which
plants are tracked throughout their lives using sensors and
tools for better growth and collecting plant phenotypes. Deep
Neural Networks (DNN) are used in a hydroponic setup with
cameras to capture plant images from different angles, and
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image analysis tools are used to detect the phenotype data of
the species from the photos [24]. The contribution of
ResNet-20 (V2) based CNN architecture, working with
imbalanced data, employed for Species Recognition (SR) and
infection detection of plants, used advanced evaluation
metrics, and applied data augmentation, showed 91.49% F1
scores in SR and 83.19% F1 score in Infection Detection
[25]. A smart tool, LEAFPROCESSOR, and Principal
Component Analysis (PCA), an Al technique to compare and
study leaf forms along with bending energy, without needing
a fixed landmark, offers a better insight into plant genetics
[26]. For accurately classifying and detecting diseases in
corn leaves, a CNN-based deep learning system, Multi-
Model Fusion Network (MMF-Net), that uses images and
real-life environmental data, which is collected via loT
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sensors, combines local and global image features to classify
and detect corn leaf diseases. The accuracy of MMF-Net has
reached 99.23% in detecting diseases [27]. Advancements in
computer vision and sensor-based technology, paired with Al
and Gen-Al, have enabled more accurate and faster analysis
through image-based classifications and segmentations. To
solve the challenges of data storage, unstructured images,
high variations in plant species, and difficulty in labeling and
capturing data, Generative Adversarial Networks (GANS)
and deep learning models are used to generate synthetic plant
images and reduce the collection of data by utilizing a digital

Explainability & Decision
Support:
Explainable Al (XAl)
Reducing bias and errors
Gaining insights into plant
biology
Making predictions more

reliable

Detection & Classification:
Plant/leaf identification
(YOLO, EfficientNetB3)
Disease detection
Fruit segmentation (DASNet)
Shape detection (Hough
Transform)
Feature extraction (SIFT,
BoF)

Al in Plant
Phenotyping

Model Optimization &
Automation:

Fast model generation
(AutoKeras)
Automated harvesting
(robotic vision)
Obstacle avoidance (Octree,
RGB-D)

Infrared imaging for remote
sensing

camera and a computer vision tool to analyze them [28], as
illustrated in Figure 4. A smart system built using
EfficientNetB3 (a CNN model) with You Only Look Once
(YOLO) architecture, a smart detector that detects each plant
and its height, and another ML model, Light Gradient
Boosting Machine (LightGBM), that uses data and photo
info to predict how the plants will grow. This system's
combination of photo and data showed improved accuracy
and performance, and showed a 12% reduction in error and a
0.4783 R2 score for predicting plant growth rates [29].

Prediction & Analysis:
Growth rate (LightGBM)
Trait estimation (height,

color, shape)

Environmental/genetic impact
Phenotypic measurements

from images

Fig. 5 Al features in plant phenotyping

An advanced open-source tool, AutoKeras, is compared
with two traditional CNN models, Xception and DenseNet-
201, for wheat lodging. It resulted in Autokera being up to 40
times faster than traditional CNN models, as it is much faster
and easier to use to design expert-level models [30]. Leaf
diseases in Brinjal cause major crop loss; to solve this, Al,
image processing, sensors, and ML can detect the diseases
early, resulting in a reduction of up to 56% in crop loss [31].
An automated Al-driven robotic vision system for apple
harvesting, which uses a Dual Attention Segmentation
Network (DASNet) for fruit detection and segmentation, and
has achieved a 0.862 score in Intersection over Union (loU)
that measures object detection by comparing overlapped
objects and a 0.871 Fl1-score. To detect shapes, like lines or
circles, in images, the Hough Transform is applied and
achieves an accuracy of 0.955 and 0.923, respectively.
Mapping the environment to avoid any obstacles, Octree-
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based 3D modelling is used, and RGB-D camera sensors that
support visual input [32]. Agriculture is a vital component of
a country, and to protect its crops from diseases, heat-sensing
cameras and Al are incorporated to spot disease more
accurately. To protect crops like Brinjal, ML such as Multi-
Level Twin Support Vector Machine (MLSTSVM) for
classification, Scale-Invariant Feature Transform (SIFT), and
Bag of Features (BoF) for feature extraction on MATrix
LABoratory (Release 2018b) (MATLAB 2018b) software
paired with Infrared thermal Camera for capturing thermal
images and RGB camera and Thermal Imaging for Imaging,
referring to Figure 5. They resulted in 87% higher accuracy
from thermal processing, but it was a little time-consuming
to process, and the RGB image was faster but less accurate.
Hence, thermal Imaging is used in remote farming areas
where accuracy is more important than speed [33], as
compiled in Table 1.
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Table 1. Technologies used in plant phenomics

Technology

Application

Artificial Intelligence (Al)
[19, 21, 23, 31, 34]

General plant data analysis, automation, Imaging, and
modelling

Deep Learning (DL)
[19, 22, 24, 25, 27]

Large-scale image analysis, trait detection, disease
classification

Machine Learning (ML) [19, 21, 31, 33, 34]

Crop trait prediction, disease classification, and
environmental response prediction

Computer Vision [22, 24, 28, 32]

Image-based trait detection, segmentation, and disease
monitoring

Explainable Al (XAl) [20, 34]

Interpretation of model decisions, reducing bias, and
improving reliability.

Automated Imaging Robots [20]

Identify biological traits from images.

High-Throughput Phenotyping (HTP) [21, 23]

Tracking plant stress, health, and growth

Drones (UAVs) [21, 23]

Aerial plant monitoring and data collection for
phenotyping

Multispectral Cameras [21]

Tracking disease and stress in plants

Hyperspectral Cameras [21, 23]

Crop health and trait analysis

Thermal Infrared Cameras [21]

Detecting plant stress through heat patterns

0T Sensors [22, 27, 34]

Real-time environmental and plant data

Smart Agri-Field Management System [22]

Integrated data + image + Al for precision agriculture

3D Imaging [23]

Structural phenotyping

Pheno-Parenting [24]

Lifelong plant monitoring and phenotype tracking

Deep Neural Networks (DNN) [24]

Analyzing plant traits from images

Data Augmentation [25]

Improving model performance

LEAFPROCESSOR Tool [26]

Leaf form analysis using bending energy

Principal Component Analysis (PCA) [26]

Leaf structure comparison

Generative Adversarial Networks (GANS) [28]

Generating synthetic plant images

Digital Camera + Computer Vision (CV) [28]

Image-based trait analysis

EfficientNetB3 (CNN) [29]

Plant detection and height estimation

You Only Look Once (YOLO) [29]

Object detection in phenotyping

Xception, DenseNet-201[30]

Traditional CNNs for phenotyping

Sensors + ML [31]

Disease detection in crops like Brinjal

Octree-based 3D Modeling [32]

Obstacle mapping

RGB-D Camera [32]

Visual-depth sensing

Multi-Level Twin Support Vector Machine (MLSTSVM)
[33]

Classification of thermal images

+ BoF) [33]

Scale-Invariant Feature Transform and Bag of Features (SIFT

Feature extraction from images

(MATLAB 2018b) [33]

Image processing environment

ML + 10T + Sensors [34]

Trait prediction and phenotyping

Machine learning, paired with 10T and sensors, quickly ~ combat that gap, Explainable Al (XAl) shows why the model
and accurately measures plants' traits and features through made that prediction, which helps in reducing errors and
images and predicts whether the plants are affected by their bias, gives insight into plant biology, and makes the model
environment and genes. Although these Al models are like a ~ more reliable [34], as evident in Table 2.

“black box” because how they conclude is unknown, to
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Table 2. Recorded results of the mentioned technologies

Technology

Application

Performance matrix

Smart Agri-Field Management
System (AlexNet + 10T + CV) [22]

Crop health monitoring and
classification

F1-Score: 0.98 (Growth monitoring), 1.0
(Health identification), 0.81 (Crop
detection)

ResNet-20 (V2) CNN [25]

Species and infection
identification

F1-Score: 91.49% (Species Recognition),
83.19% (Infection Detection)

MMF-Net (CNN-based System) [27]

Corn leaf disease classification
using image + environmental
data

Accuracy: 99.23%

YOLO + EfficientNetB3 +
LightGBM [29]

Plant growth rate prediction
using image and data

R2 Score: 0.4783, 12% reduction in
prediction error

AutoKeras vs. CNN (Xception,

High-throughput wheat lodging

Up to 40x faster than traditional CNNs

DenseNet-201 [30] detection
Al for Brinjal Disease Detection [31] Early detecg?sggeBrlnjal leaf Up to 56% reduction in crop loss

DASNet (Robotic Vision for Apple
Harvesting) [32]

Fruit detection and segmentation

loU: 0.862, F1-Score: 0.871

Hough Transform (Shape Detection)
[32]

Shape detection in images for
automated harvesting

Accuracy: 0.955 (Lines), 0.923 (Circles)

Thermal Imaging + MLSTSVM +
SIFT + BoF [33]

Disease detection in Brinjal
using thermal and RGB Imaging

87% accuracy (thermal); Faster but less
accurate with RGB

5. Computer Vision-Based Plant Phenotyping

Plants' traits, appearance, behavior, and features are
affected by their environment and genes. Traditionally, they
were costlier and time-consuming, but due to technologies
such as UAVSs, 2D/3D Imaging, Volumetric Imaging, Image
analysis algorithms, and cameras, tools such as Machine
learning to recognize plant traits, Public benchmark datasets
to compare results, computer vision to analyze plant images,
template matching for leaf segmentation, and Computer
Vision Problems in Plant Phenotyping (CVPPP), Image
Analysis Methods for the Plant Sciences (IAMPS)
workshops to share and improve research. These
technologies together analyze roots and shoots, segment
leaves, track plant growth, classify plant species, and
improve food production and crop breeding [35].

Replacing the older, manual, time-consuming, and
costlier method with computer vision for plant phenotyping.
Adopting Al and ML technology, combined with depth and
optical sensors utilizing LiDAR, Thermal, Multispectral,
Hyperspectral, and RGB cameras, enables more efficient
measurement of plant features [36]. High-tech tools and Al
are being used to study plant growth, environmental
responses, and genetic relationships. These tools, including
High-Throughput Phenotyping (HTP), thermal Imaging,
software sensors, fluorescence imaging, and hyperspectral
Imaging, are used to monitor plant environment and improve
crop sustainability and yield. Supported by smart lighting
systems and CRISPR, these methods aim to enhance plant
growth, reduce chemical usage, and increase crop
productivity, promoting sustainable and precise agriculture
[37]. A combination of Al with smart technology that does
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precision agriculture by monitoring crops and improving
yields in real-time. Plant phenotyping through Al, image
analysis, and 2D/3D Imaging, which identifies top-
performing crops, growth issues, and yields. It combines it
with  high-throughput Imaging that performs robot
harvesting, canopy monitoring, and root analysis, improving
accuracy and vyielding faster results. Smartphone-based
phenotyping and time series data used in ML is the future of
phenotyping [38]. A Gantry-robot with 3-D scanners that are
powered by a computer vision algorithm that moves around
the plants, capturing detailed scans over time from seedling
to maturity, especially under controlled light/dark cycles
[39], as illustrated in Figure 6.

For a faster and more reliable crop analysis, and
improving technicality and economy in farming, computer
vision and deep learning, such as Visual Geometry Group
(VGG), You Only Look Once (YOLO), and Faster Region-
based Convolutional Neural Network (Faster R-CNN) with
an imaging system that helps detect stress, plant parts,
diseases, pests, and sort weed [40].

Computer vision and Al models, such as DANet (Dual
Attention Network), Real-Time Multi-task Detection
(RTMDet), and Real-Time Multi-person Pose Estimation
(RTMPose), are used in technologies, DL, Cluster analysis,
and Image processing. Also, the Mobile Segment Anything
Model (MobileSAM) is a user-friendly, automated software
that works on mobile/edge devices. These technologies and
tools combined aimed to speed up and improve melon
breeding and detect and measure physical traits like size,
shape, and stem to select high-quality melon varieties [41].
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Fig. 6 Process of computer vision in a hydroponic system for plant phenotyping

To detect plant diseases, especially in apple trees,
multispectral Imaging, machine learning, and computer
vision are used to scan the fields, analyze leaf health, and
identify infected or stressed trees [42]. The images captured
by the RGB camera used for plant phenotyping, mutant
identification, and leaf segmentation contain both annotated
and raw images, which enhance computer vision algorithms
for plant analysis. It aims to fill the gap in methods across
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high-quality, standardized datasets for fair comparison [43].
Segmenting an individual leaf is challenging because of
lighting issues, shape variations, and overlapping leaves.
Leaf Segmentation Challenge (2014) tested 4 methods and
showed high accuracy in separating plants from the
background, but still had a long way to go in counting and
separating overlapping or young leaves accurately [44], as
reflected in Figure 7.
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Fig. 7 Process of data capturing in plant phenotyping via cameras

Brinjal harvesting is facing a labor shortage. To combat
these difficulties, a computer vision-based algorithm that
detects and identifies moderately mature KKM-1 brinjals
suitable for harvesting is needed. These processes involve
clustering (ML algorithm) that handles shading and segments

the interested regions, followed by shape filtering and
contour detection to isolate brinjals. This method resulted in
79% precision and 85% F1-score in brinjal detection and
96% in precision with 91% F1-score in maturity prediction
[45], as detailed in Table 3.

Table 3. Technology implemented in plant pheromonic

Technologies

Application
Unmanned Aerial Vehicles (UAVS) [35] Remote sensing and r:tc))g\l/t:rmg plant traits from

Two-dimensional/Three-dimensional Imaging
(2D/3D Imaging) [35, 38]

Capturing structural traits like leaf shape, plant
height, and canopy structure

Volumetric Imaging [35]

Captures 3D plant architecture for phenotypic
analysis

Image Analysis Algorithms [35]

Automated extraction of features from plant images
(e.q., shape, texture)

Red-Green-Blue Cameras (RGB Cameras)

Capturing visual plant data for phenotyping and

[35, 42, 43] segmentation
Computer Vision Problems in Plant Phenotyping Collaborative events for advancing plant
(CVPPP) Workshops [35] phenotyping using imaging techniques

Template Matching [35]

Identifying and segmenting plant parts (especially
leaves) from images

Image Analysis Methods for the Plant Sciences
(IAMPS) Workshops [35]

Workshops focused on developing and sharing
image-based plant analysis methods

Depth and Optical Sensors [36]

Capturing plant depth information and optical traits
(e.g., reflectance)

Light Detection and Ranging (LIiDAR) [36]

Scanning plant height, volume, and architecture in
3D

Multispectral Imaging [36, 42]

Measures plant stress, health, and nutrient levels via
wavelength bands

Thermal Imaging [37]

Detects plant water stress and transpiration by
measuring temperature

Hyperspectral Imaging [37]

Analyzes plant pigments and biochemical
composition
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Automated large-scale phenotyping using imaging
and sensing systems
Monitor environmental variables like temperature,
light, and humidity.
Measures photosynthesis efficiency by detecting
fluorescence emissions
Optimized lighting in hydroponics for controlled
plant growth

High-Throughput Phenotyping (HTP) [37]

Software Sensors [37]

Fluorescence Imaging [37]

Smart Lighting Systems [37]

Clustered Regularly Interspaced Short Palindromic
Repeats (CRISPR) [37]

High-Throughput Imaging [38]

Genetic editing for enhancing desired plant traits

Enables tasks like robot harvesting, canopy analysis,
and root monitoring
Portable plant data collection for disease detection
and classification
Time-Series Data [38] Tracking plant growth and development over time
Moves around plants, capturing 3D scans from
seedling to maturity
Deep learning model used for disease/stress detection
in plants

Smartphone-based Phenotyping [38, 46]

Gantry-Robot with 3D Scanners [39]

Visual Geometry Group Network (VGG) [40]

Faster Region-based Convolutional Neural Network
(Faster R-CNN) [40]

Dual Attention Network (DANet) [41]

Detects plant diseases, pests, and weeds from images

Measures melon size, shape, and other features for

breeding
Real-Time Multi-task Detection (RTMDet) [41] Identifies multiple traits of melon plants in real time
Real-Time Multi-person Pose Estimation (RTMPose) | Adapted for estimating plant pose or orientation in
[41] images

Edge-device compatible tool for easy leaf/plant
segmentation
Standard datasets used to evaluate and compare
phenotyping algorithms
Provides labeled data for training phenotyping
models

Mobile Segment Anything Model (MobileSAM) [41]

Public Benchmark Datasets [43]

Annotated Image Datasets [43, 46]

4,098 labeled images across 6 categories, insect pest, controlled environment to be used in computer vision-based
leaf spot, mosaic virus, wilt, healthy, and white Mold, of  disease detection, to learn to classify and detect leaf diseases
brinjal leaves taken by smartphones in a natural and [46], as represented in Table 4.

Table 4. Performance metrics of the technologies used
Technology Application Results
High background separation

accuracy, limited by overlapping
leaves

Evaluated segmentation methods

Leaf Segmentation Challenge [44] for leaf counting

79% Precision, 85% F1-Score
(Detection); 96% Precision, 91%
F1-Score (Maturity)

79% Precision, 85% F1-Score
(Detection); 96% Precision, 91%
F1-Score (Maturity)

Used to isolate regions of interest

Clustering Algorithm [45] in brinjal detection

Used to isolate fruit shapes like

Contour Detection [45] Brinjal from the background

Smartphone-based Phenotyping Used for capturing brinjal leaf 4,098 labeled images across 6
[46] diseases in the field categories for classification
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6. Role of 10T Devices and Sensors in Plant

Phenotyping

Processing a large amount of data constantly without
sharing it all on the cloud, which enhances privacy, saves
bandwidth, extends battery life, and enhances response time,
is possible with the use of IoT sensors creating Edge
computing. Technologies like Edge Nodes/Gateways
manage, filter, and process the data from loT sensors,
creating a collaborative edge where devices work together
for faster and more efficient data handling [47]. To collect
and analyze data from the plant without harming the plants,
technologies need to be non-invasive and more accurate. The
sensors, such as thermal cameras, multispectral sensors,
LiDAR, which are non-evasive, handheld sensors, cameras
that are for proximal sensing, and drones, satellites for
remote sensing, these sensors identify traits like yield,
quality, and stress resistance to help in plant breeding and
precision farming [48]. Plant stress can be detected using a
camera and environmental sensors to monitor humidity,
temperature, etc., by capturing leaf images and processing
them through the Support Vector Machine (SVM) algorithm,
an Al model, to classify healthy and unhealthy leaves.

Thermal Cameras

Afterwards, the Grey Level Co-occurrence Matrix (GLCM)
method extracts leaf features and sends them to the
agriculture experts for review and suggestions [49]. Plant
Phenotyping requires advanced technologies like LiDAR,
Red Green Blue-Depth (RGB-D) cameras, structured light
sensors, and multi-view stereo systems. These loT-enabled
sensors collect high-resolution leaf area, biomass, and height
data, which are then processed through computer vision, 3D
modelling Techniques, and Al. The processed images are
then analyzed for improving crop breeding and management,
and complex plant structure [50]. Thermal sensors for
imaging have proved to be a powerful tool for detecting
pests, water stress, diseases, freezing damage, assessing
nutrient levels, and predicting crop and seed viability without
harming the plant [51]. To protect the crops from pest and
disease issues and maintain a favourable condition for the
crops to get better yields, modern technologies and tools like
Chlorophyll Fluorescence Imaging, Thermal Imaging, and
Hyperspectral Imaging track plant humidity, temperature,
health, etc, combined with Al. These technologies control
and detect problems early [52], as represented in Figure 8.

Environmental
Sensors

N

Drones (UAVs)

Handheld
Cameras
Multispectral
Sensors ]
Al Processed Agricultural
LiDAR Sensors . Applications:
Edge Cgmt uting Nodes / Al models (SVM, GLCM, 3D
Thermal Sensors “dleways. modeling)

Data Filtering, Data Management,
Local Processing
Benefits: privacy, bandwidth, energy
efficiency, fast response.

Benefits: Plant stress & pest
detection, crop phenotyping,
expert feedback, precision
farming, Higher-level data
processing

J

Chlorophyll
Fluorescence Imaging

Hyperspectral
Imaging

Satellite

Fig. 8 Smart agriculture via sensors and loT devices

Modern farming faces issues like environmental
concerns, a labour shortage, and an increase in food demand.
Therefore, 62 robot systems are used to overcome these
challenges and perform agricultural tasks, where 80% are in
the research stage, 32% use RGB cameras, 64% lack robotic
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arms, and 35% use computer vision algorithms. These
robotic systems use a Multispectral sensor and an RGB
camera for plant health, soil sensors, and GPS paired with
10T tech for communication and real-time monitoring. This
robotic system has improved harvest success rates by 23%



Rahul Mahala et al. / 1JECE, 12(9), 46-62, 2025

and reduced harvesting time from 2014 to 2021 by 43% [53].
An Al technology combined with non-invasive imaging
sensors, Multispectral, Hyperspectral imaging, Thermal
Imaging, 3D Imaging, Chlorophyll fluorescence imaging
(CFIM), Red Green Blue (RGB) camera (visible Imaging),
and Environmental monitoring sensors (loT) and statistical
analysis enables precise analyses of plants' roots and leaves
through feature extraction, classification, and segmentation
[54]. A 3D plant canopy structure analysis includes imaging

technologies, such as RGB cameras for visual sensors,
sensors, Time-of-Flight (ToF) Cameras, Light Detection and
Ranging (LIDAR), and Structured Light Cameras for depth,
paired with Multi-View Stereo (MVS) and Structure from
Motion (SfM) techniques that are supported by Al-based
segmentation on the Center for Machine Perception Multi-
View Stereo (CMPMVS) software, which helps to extract
traits like canopy shape and leaf area [55].

Sensor-Driven Data
Collection

with sensors

Automated Action &
Control Systems

Decision execution

UAVs (Drones) capturing

Plant-specific sensing

Ground robots equipped

Field deployed sensors

Remote syncing of sensor
nodes

Edge gateways collecting

Dual-arm robotic harvester

Gensor Integration PipelinD

sensor data for cloud
Real-time data delivery

Automated greenhouse
control

Brinjal crop-specific
automation

Use of
algorithms

Integration of multiple
spectral bands (e.g., visible,
IR, UV)

Imaging analysis tools

transmission L
GPS and positioning

integration for spatial
mapping
WSN Backbone

loT-Based
Communication

Data
processing
pipelines

Data Processing & Al
Analysis

Fig. 9 Smart farming workflow via loT and sensor technologies

Collecting accurate data on a large scale and fast High-
Throughput Phenotyping (HTP) using drones (UAVSs) and
Al-based image analysis is a strong solution. This solution
uses Unmanned Aerial Vehicles (UAVs), Multispectral /
Hyperspectral sensors, and RGB cameras to capture plant
health data. Data Processing Pipelines that extract traits from
images and Image Analytics Software to process drone
images, ML, and DL Al models [56]. A mobile sensing
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platform that is equipped with various non-contact optical
sensors, Near-infrared (700-1000 nm), Full-spectrum (350-
2500 nm), Ultraviolet (280-400 nm), Visible light (400-700
nm), Chlorophyll fluorescence, and Thermal (infrared)
enables consistent and quick monitoring of the plant growth
[57]. For modernizing the farming of the vegetable brinjal,
by using Long Range Wide Area Network (LoRaWAN)-
based in an environment where devices like fans and heaters
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are automatically adjusted to maintain optimal conditions for
brinjal crop growth, and using a Wireless Sensor Network
(WSN) to control and monitor brinjal growth. CupCarbon
simulator is where this setup is being tested, as it enables
remote automated climate control that is efficient in
greenhouses [58]. Modernized farming has evolved to
utilising robotics instead of manual labour, as a dual-arm
robotic system designed to automatically harvest aubergines
in complex farm environments has shown 91.67% success
rates, and 26 seconds per fruit is its average picking time.
This dual-arm robotic system uses an Occlusion algorithm
for handling hidden fruits, a Dynamic planning algorithm for
arm movement, and a Support Vector Machine (SVM) for

image classification. The dual arm coordination is flexible
for fruit picking, employing depth sensors for 3D mapping
for point cloud generation and Vision sensors (cameras) for
detecting fruit and obstacles [59], as shown in Figure 9.
Technologies like 10T, sensors, Al, drones, Smart Irrigation
Systems (SIS), remote sensing, and big data combined make
up digital agriculture. In eggplant farming, key tools, sensors
such as soil moisture, temperature, humidity, and optical
sensors that collect real-time data on plant and soil health,
UAVs, and yield monitors collect data, which is analyzed on
Al and machine learning to optimize irrigation and
fertilization, detect pests and diseases, and predict yields for
better eggplant crop management [60], referring to Table 5.

Table 5. Sensors and 10T technologies used in plant pheromone

Technology Application
Edge computing, Edge nodes/gateways [47] Local processing f0|; fennrla;/nced privacy, lower

Thermal Cameras, Multispectral Sensors, Light Detection and Ranging
(LiDAR), Red Green Blue Camera (RGB), Drones, Satellites [48]

Non-invasive sensing for trait analysis

from Motion (SfM) [50]

Light Detection and Ranging (LiDAR), Red Green Blue-Depth Camera
(RGB-D), Structured Light Sensors, Multi-View Stereo (MVS), Structure

3D imaging and modelling for plant
phenotyping

Thermal Imaging Sensors [51]

Detect water stress, disease, freezing, and
nutrient levels.

Chlorophyll Fluorescence Imaging (CFIM), Thermal Imaging,
Hyperspectral Imaging, Artificial Intelligence (Al) [52]

Track humidity, temperature, and plant health
to detect early issues

Multispectral Imaging, Hyperspectral Imaging, 3D Imaging, Chlorophyll
Fluorescence Imaging (CFIM), Red Green Blue Camera (RGB),
Environmental Monitoring Sensors, Artificial Intelligence (Al) [54]

Extract and classify root and leaf features.

Red Green Blue Camera (RGB), Time-of-Flight Camera (ToF), Light
Detection and Ranging (LiDAR), Structured Light Camera, Multi-View
Stereo (MVS), Structure from Motion (SfM) [55]

Analyze canopy structure and extract traits.

Unmanned Aerial Vehicles (UAVS), Multispectral Sensors, Hyperspectral
Sensors, Red Green Blue Camera (RGB), Artificial Intelligence (Al) [56]

High-Throughput Phenotyping (HTP) and
image analytics

[57]

Near-Infrared (NIR), Ultraviolet (UV), Visible Light, Full-Spectrum
Sensors, Chlorophyll Fluorescence Imaging (CFIM), Thermal Imaging

Mobile sensing platform for fast, non-invasive
monitoring

(WSN), CupCarbon Simulator [58]

Long Range Wide Area Network (LoRaWAN), Wireless Sensor Network

loT-based automated brinjal crop monitoring
system

Intelligence (Al), Machine Learning (ML) [60]

Internet of Things (10T), Soil Moisture Sensors, Temperature and
Humidity Sensors, Smart Irrigation System (SIS), Red Green Blue
Camera (RGB), Unmanned Aerial Vehicles (UAVS), Artificial

Optimize irrigation, fertilization, pest
detection, and yield prediction.

Weed is also an enemy of healthy crops, and manual
weed control is risky and time-consuming due to pesticide
exposure. To save time, reduce pesticide exposure, and
reduce labour in a brinjal farm, a U-Net with Inception-
ResNetV2, a deep learning Al model, paired with an RGB
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camera that captures images under ambient lighting with
over 96% accuracy, as depicted in Table 6, easily detects and
classifies weeds. This Semantic Segmentation method
accurately identifies different species of weeds under natural
light [61].
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Table 6. Performance results of the applied Sensors

Technology

Purpose

Results

Support Vector Machine (SVM),
Grey Level Co-occurrence Matrix
(GLCM) [49]

Detect and classify plant stress from
leaf images

Classification performed by SVM;
features extracted by GLCM; no
specific accuracy provided

Agricultural Robotics, Computer
Vision (CV), Red Green Blue
Camera (RGB), Internet of Things
(1oT) [53]

Perform tasks like harvesting,
monitoring, and plant health analysis

- 23% increase in harvest success
- 43% reduction in harvest time (2014-
2021)
- 32% use RGB cameras
- 64% lack robotic arms
- 35% use CV algorithms

Dual-Arm Robaotic System, Support

Vector Machine (SVM), Occlusion

Algorithm, Depth Sensors, Vision
Sensors [59]

Automate aubergine harvesting in
complex environments

- 91.67% picking success rate
- 26 seconds per fruit

U-Net with Inception-ResNetV2
(Deep Learning), Red Green Blue
Camera (RGB), Semantic
Segmentation [61]

Detect and classify weed species in
brinjal fields

Over 96% accuracy in weed detection
under ambient/natural light

7. Recommendation
Advancement in plant phenotyping is achieved when we

combine technology with knowledge. Artificial Intelligence,

Computer vision, Internet of Things (10T), and smart sensors

have all made it very possible to understand the complexities

of plant and their response to their surroundings and
environment. Food demand has increased over the past
decade, and to meet this demand, a strong and climate-
resistant crop is a must. Due to the population rise and the
spread of urbanization, agriculture has been the least
advanced industry among others. Advanced technology in
farming is the solution for smart and sustainable farming, as
by leveraging these advanced tools and technology, farmers
can enhance productivity, resilience, and resource efficiency.

e Aligning with SDG 2 - Zero Hunger calls for
simultaneously addressing the food security challenges,
minimizing environmental impact, and promoting
sustainable agricultural practices combining loT, Al, and
Phenomics.

e To accelerate crop improvement through linking
genotypes to phenotypes by integrating Al-driven high-
throughput phenotyping, utilizing advanced computer
vision and deep learning algorithms for automation to
yield prediction, enhancing stress tolerance, detecting
diseases, and leaf segmentation, accurately and
efficiently, with reduced manual labour.

e For a deeper understanding of plant traits, their stress
responses, and for precision breeding by their stress
response, a real-time, precise monitoring of plant health
and the environmental surroundings is achieved by
deploying loT sensors and remote sensing technologies,
and adopting multi-omics and explainable Al
frameworks.
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e Especially high-value vegetables, like Brinjal, can
implement robotic systems and autonomous harvesting
technologies, improving crop production efficiency.

8. Conclusion
Integrating Artificial Intelligence with 10T devices, edge
computing, computer vision, and advanced sensor

technologies without harming the environment presents a
promising future in sustainable agriculture. These advanced
innovations provide real-time, precise data by non-evasively
monitoring crops through thermal and 3D vision, and UAV
imaging technologies detect diseases and stress early, saving
the crops and increasing productivity.

To gain field-level insight on optimising nutrients,
water, and pest management, implementing 10T sensors and
edge computing has proven to be successful. The
advancement of Auto Machine Learning, Explainable Al,
and Deep Learning has enhanced the understanding and
overcoming of the complexities in accelerating breeding
cycles, predicting diseases, and mapping Genotype-
Phenotype. Deploying the fusion of these innovations, even
in a protected environment, by making it a smart agri-field
system, optimizes disease control and yields. These advanced
plant phenotype technologies, which are powered by high-
throughput Imaging, computer vision, Al, 10T, and sensors,
together make it the most viable and crucial for smart and
sustainable agriculture. The amalgamation of multi-omics
data, machine learning, and smart tools and technologies
provides a versatile path forward by prioritising and realizing
their full potential, farmer-based innovation, inclusive
access, and cross-sector collaboration.



Rahul Mahala et al. / 1JECE, 12(9), 46-62, 2025

Author Contributions Statement Data Availability

Conceptualization: A.B.; Methodology: A.B. and The data supporting the findings of this study are
C.D.E.; Data Collection: C.D.; Formal Analysis: A.B. and available from the corresponding author upon reasonable
C.D.E.; Writing-Original Draft: A.B.; Writing-Review &  request.
Editing: A.B.E. and C.D. All authors have read and approved
the final manuscript.

References

[1] Food Security Information Network (FSIN), “Global Report on Food Crisis 2025,” Global Network against Food Crises (GNAFC), pp.
1-254, 2025. [CrossRef] [Google Scholar] [Publisher Link]

[2] “End Hunger, Achieve Food Security and Improved Nutrition and Promote Sustainable Agriculture,” The Sustainble Development Goal
Report, Department of Economic and Social Affairs Sustainable Development, pp. 1-68, 2023. [Publisher Link]

[3] Sarah Velten et al., “What Is Sustainable Agriculture? A Systematic Review,” Sustainability, vol. 7, no. 6, pp. 7833-7865, 2015.
[CrossRef] [Google Scholar] [Publisher Link]

[4] Joyce Tait, and Dick Morris, “Sustainable Development of Agricultural Systems: Competing Objectives and Critical Limits,” Futures,
vol. 32, no. 3-4, pp. 247-260, 2000. [CrossRef] [Google Scholar] [Publisher Link]

[5] Noel Culleton, Hubert Tunney, and Brian Coulter, “Sustainability in Irish Agriculture,” Irish Geography, vol. 27, no. 1, pp. 36-47, 1994.
[CrossRef] [Google Scholar] [Publisher Link]

[6] J.W. Hansen, “Is Agricultural Sustainability a Useful Concept?,” Agricultural Systems, vol. 50, no. 2, pp. 117-143, 1996. [CrossRef]
[Google Scholar] [Publisher Link]

[7] John Thompson, and Ian Scoones, “Addressing the Dynamics of Agri-Food Systems: An Emerging Agenda for Social Science
Research,” Environmental Science & Policy, vol. 12, no. 4, pp. 386-397, 2009. [CrossRef] [Google Scholar] [Publisher Link]

[8] Kumud B. Mishra et al., “Plant Phenotyping: A Perspective,” Indian Journal of Plant Physiology, vol. 21, pp. 514-527, 2016.
[CrossRef] [Google Scholar] [Publisher Link]

[9] Dominique de Vienne, “What is a Phenotype? History and New Developments of the Concept,” Genetica, vol. 150, pp. 153-158, 2022.
[CrossRef] [Google Scholar] [Publisher Link]

[10] Joshua N. Cobb et al., “Next-Generation Phenotyping: Requirements and Strategies for Enhancing Our Understanding of Genotype-
Phenotype Relationships and its Relevance to Crop Improvement,” Theoretical and Applied Genetics, vol. 126, pp. 867-887, 2013.
[CrossRef] [Google Scholar] [Publisher Link]

[11] Zachary C. Campbell et al., “Engineering Plants for Tomorrow: How High-Throughput Phenotyping is Contributing to the Development
of Better Crop,” Phytochemistry Reviews, vol. 17, pp. 1329-1343, 2018. [CrossRef] [Google Scholar] [Publisher Link]

[12] Jianwu Tang et al., “Emerging Opportunities and Challenges in Phenology: A Review,” Ecosphere, vol. 7, no. 8, pp. 1-17, 2016.
[CrossRef] [Google Scholar] [Publisher Link]

[13] Danuta Cembrowska-Lech et al., “An Integrated Multi-Omics and Artificial Intelligence Framework for Advanced Plant Phenotyping in
Horticulture,” Biology, vol. 12, no. 10, pp. 1-34, 2023. [CrossRef] [Google Scholar] [Publisher Link]

[14] Monu Kumar et al., Phenomics-Assisted Breeding: An Emerging Way for Stress Management, New Frontiers in Stress Management for
Durable Agriculture, Springer, pp. 295-310, 2020. [CrossRef] [Google Scholar] [Publisher Link]

[15] Partha Sarathi Basu et al., High-Precision Phenotyping under Controlled Versus Natural Environments, Phenomics in Crop Plants:
Trends, Options and Limitations, Springer, pp. 27-40, 2015. [CrossRef] [Google Scholar] [Publisher Link]

[16] Yanwei Li et al., “High-Throughput Physiology-Based Stress Response Phenotyping: Advantages, Applications and Prospective in
Horticultural Plants,” Horticultural Plant Journal, vol. 7, no. 3, pp. 181-187, 2021. [CrossRef] [Google Scholar] [Publisher Link]

[17] Victoria C. Blake et al., “The Hordeum Toolbox: The Barley Coordinated Agricultural Project Genotype and Phenotype Resource,” The
Plant Genome, vol. 5, no. 2, pp. 81-91, 2012. [CrossRef] [Google Scholar] [Publisher Link]

[18] Reyazul Rouf Mir et al., “High-Throughput Phenotyping for Crop Improvement in the Genomics Era,” Plant Science, vol. 282, pp. 60-
72, 2019. [CrossRef] [Google Scholar] [Publisher Link]

[19] Shona Nabwire et al., “Review: Application of Artificial Intelligence in Phenomics,” Sensors, vol. 21, no. 13, pp. 1-19, 2021.
[CrossRef] [Google Scholar] [Publisher Link]

[20] Monica F. Danilevicz et al., “Understanding Plant Phenotypes in Crop Breeding through Explainable AI,” Plant Biotechnology Journal,
pp. 1-14, 2025. [CrossRef] [Google Scholar] [Publisher Link]

[21] Debadatta Panda et al., Artificial Intelligence-Aided Phenomics in High-Throughput Stress Phenotyping of Plants, 1% ed., Artificial
Intelligence and Smart Agriculture Applications, Auerbach Publications, pp. 1-28, 2022. [Google Scholar] [Publisher Link]

[22] Sayanti Basak et al., “Deep Learning-Based Plant Phenotyping Framework: Analysis of Crop Life Cycle Data for Indian Farmers to
Develop a Smart Agri-Field Management System,” Proceedings of the NIELIT's International Conference on Communication,
Electronics and Digital Technology NICE-DT, New Delhi, India, pp. 163-181, 2023. [CrossRef] [Google Scholar] [Publisher Link]

60


https://doi.org/10.71958/wfp130664
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Global+Report+on+Food+Crisis+2025&btnG=
https://wfp.tind.io/record/130664?v=pdf
https://sdgs.un.org/goals/goal2
https://doi.org/10.3390/su7067833
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=What+is+sustainable+agriculture%3F+A+systematic+review&btnG=
https://www.mdpi.com/2071-1050/7/6/7833
https://doi.org/10.1016/S0016-3287(99)00095-6
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Sustainable+development+of+agricultural+systems%3A+competing+objectives+and+critical+limits&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0016328799000956
https://doi.org/10.1080/00750779409478697
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%09Culleton%2C+N+Sustainability+in+Irish+agriculture.+Irish+Geography&btnG=
https://www.tandfonline.com/doi/abs/10.1080/00750779409478697
https://doi.org/10.1016/0308-521X(95)00011-S
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Is+agricultural+sustainability+a+useful+concept%3F&btnG=
https://www.sciencedirect.com/science/article/abs/pii/0308521X9500011S
https://doi.org/10.1016/j.envsci.2009.03.001
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Addressing+the+dynamics+of+agri-food+systems%3A+an+emerging+agenda+for+social+science+research&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S1462901109000458
https://doi.org/10.1007/s40502-016-0271-y
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%09Mishra%2C+K.+B+Plant+phenotyping%3A+a+perspective.&btnG=
https://link.springer.com/article/10.1007/s40502-016-0271-y
https://doi.org/10.1007/s10709-021-00134-6
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=What+is+a+phenotype%3F+History+and+new+developments+of+the+concept&btnG=
https://link.springer.com/article/10.1007/s10709-021-00134-6
https://doi.org/10.1007/s00122-013-2066-0
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Next-generation+phenotyping%3A+requirements+and+strategies+for+enhancing+our+understanding+of+genotype%E2%80%93phenotype+relationships+and+their+relevance+to+crop+improvement&btnG=
https://link.springer.com/article/10.1007/S00122-013-2066-0
https://doi.org/10.1007/s11101-018-9585-x
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Engineering+plants+for+tomorrow%3A+how+high-throughput+phenotyping+is+contributing+to+the+development+of+better+crops&btnG=
https://link.springer.com/article/10.1007/s11101-018-9585-x
https://doi.org/10.1002/ecs2.1436
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Emerging+opportunities+and+challenges+in+phenology%3A+a+review&btnG=
https://esajournals.onlinelibrary.wiley.com/doi/full/10.1002/ecs2.1436
https://doi.org/10.3390/biology12101298
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=An+integrated+multi-omics+and+artificial+intelligence+framework+for+advanced+plant+phenotyping+in+horticulture&btnG=
https://www.mdpi.com/2079-7737/12/10/1298
https://doi.org/10.1007/978-981-15-1322-0_18
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Phenomics-assisted+breeding%3A+An+emerging+way+for+stress+management&btnG=
https://link.springer.com/chapter/10.1007/978-981-15-1322-0_18
https://doi.org/10.1007/978-81-322-2226-2_3
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=High-precision+phenotyping+under+controlled+versus+natural+environments&btnG=
https://link.springer.com/chapter/10.1007/978-81-322-2226-2_3
https://doi.org/10.1016/j.hpj.2020.09.004
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=High-throughput+physiology-based+stress+response+phenotyping%3A+Advantages%2C+applications%2C+and+prospects+in+horticultural+plants.+&btnG=
https://www.sciencedirect.com/science/article/pii/S2468014120300996
https://doi.org/10.3835/plantgenome2012.03.0002
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+Hordeum+toolbox%3A+the+barley+coordinated+agricultural+project+genotype+and+phenotype+resource&btnG=
https://acsess.onlinelibrary.wiley.com/doi/full/10.3835/plantgenome2012.03.0002
https://doi.org/10.1016/j.plantsci.2019.01.007
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=High-throughput+phenotyping+for+crop+improvement+in+the+genomics+era.+&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0168945218305752
https://doi.org/10.3390/s21134363
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Application+of+artificial+intelligence+in+phenomics&btnG=
https://www.mdpi.com/1424-8220/21/13/4363
https://doi.org/10.1111/pbi.70208
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Understanding+plant+phenotypes+in+crop+breeding+through+explainable+AI&btnG=
https://onlinelibrary.wiley.com/doi/full/10.1111/pbi.70208
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Artificial+Intelligence-Aided+Phenomics+in+High-Throughput+Stress+Phenotyping+of+Plants&btnG=
https://www.taylorfrancis.com/chapters/edit/10.1201/9781003311782-9/artificial-intelligence-aided-phenomics-high-throughput-stress-phenotyping-plants-debadatta-panda-kumar-mahalingam-raveendran
https://doi.org/10.1007/978-981-99-1699-3_11
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Deep+learning-based+plant+phenotyping+framework%3A+Analysis+of+crop+life+cycle+data+for+indian+farmers+to+develop+a+smart+agri-field+management+system&btnG=
https://link.springer.com/chapter/10.1007/978-981-99-1699-3_11

Rahul Mahala et al. / 1JECE, 12(9), 46-62, 2025

[23] Mansoor Sheikh et al., “Integrating Artificial Intelligence and High-Throughput Phenotyping for Crop Improvement,” Journal of
Integrative Agriculture, vol. 23, no. 6, pp. 1787-1802, 2024. [CrossRef] [Google Scholar] [Publisher Link]

[24] Anirban Jyoti Hati, and Rajiv Ranjan Singh, “AI-Driven Pheno-Parenting: A Deep Learning Based Plant Phenotyping Trait Analysis
Model on a Novel Soilless Farming Dataset,” IEEE Access, vol. 11, pp. 35298-35314, 2023. [CrossRef] [Google Scholar] [Publisher
Link]

[25] Anirban Jyoti Hati, and Rajiv Ranjan Singh, “Artificial Intelligence in Smart Farms: Plant Phenotyping for Species Recognition and
Health Condition Identification Using Deep Learning,” Al, vol. 2, no. 2, pp. 274-289, 2021. [CrossRef] [Google Scholar] [Publisher
Link]

[26] Andreas Backhaus et al., “Leafprocessor: A New Leaf Phenotyping Tool Using Contour Bending Energy and Shape Cluster Analysis,”
New Phytologist, vol. 187, no. 1, pp. 251-261, 2010. [CrossRef] [Google Scholar] [Publisher Link]

[27] Rubina Rashid et al., “An Early and Smart Detection of Corn Plant Leaf Diseases Using 1oT and Deep Learning Multi-Models,” IEEE
Access, vol. 12, pp. 23149-23162, 2024. [CrossRef] [Google Scholar] [Publisher Link]

[28] Swati Bhugra et al., Plant Data Generation with Generative Al: An Application to Plant Phenotyping, Applications of Generative Al,
Springer, pp. 503-535, 2024. [CrossRef] [Google Scholar] [Publisher Link]

[29] S. Yogashree, G.P. Thridhath, and Mabel Nirmala Joseph, “Al-Driven Advanced System for Plant Phenotyping,” 2025 7" International
Conference on Intelligent Sustainable Systems (ICISS), India, pp. 1500-1505, 2025. [CrossRef] [Google Scholar] [Publisher Link]

[30] Joshua C.O. Koh, German Spangenberg, and Surya Kant, “Automated Machine Learning for High-Throughput Image-Based Plant
Phenotyping,” Remote Sensing, vol. 13, no. 5, pp. 1-17, 2021. [CrossRef] [Google Scholar] [Publisher Link]

[31] Kajal et al., “Artificial Intelligence Enabled Brinjal (Solanum Melongena) Leaf Diseases Detection and Classification: A Review,” 2025
International Conference on Cognitive Computing in Engineering, Communications, Sciences and Biomedical Health Informatics
(IC3ECSBHI), Greater Noida, India, pp. 468-473, 2025. [CrossRef] [Google Scholar] [Publisher Link]

[32] Hanwen Kang, Hongyu Zhou, and Chao Chen, “Visual Perception and Modeling for Autonomous Apple Harvesting,” IEEE Access, vol.
8, pp. 62151-62163, 2020. [CrossRef] [Google Scholar] [Publisher Link]

[33] Shubhangi Verma et al., “Thermal Imaging-Assisted Infection Classification (BoF) for Brinjal Crop,” Communication and Intelligent
Systems: Proceedings of ICCIS 2020, pp. 45-58, 2021. [CrossRef] [Google Scholar] [Publisher Link]

[34] Yu Jiang, 7 - Artificial Intelligence-Assisted Microscopic Imaging Analysis for High-throughput Plant Phenotyping, Machine Learning
and Artificial Intelligence in Chemical and Biological Sensing, pp. 177-201, 2024. [CrossRef] [Google Scholar] [Publisher Link]

[35] Hanno Scharr et al., “Special Issue on Computer Vision and Image Analysis in Plant Phenotyping,” Machine Vision and Applications,
vol. 27, pp. 607-609, 2016. [CrossRef] [Google Scholar] [Publisher Link]

[36] Zhenbo Li et al., “A Review of Computer Vision Technologies for Plant Phenotyping,” Computers and Electronics in Agriculture, vol.
176, 2020. [CrossRef] [Google Scholar] [Publisher Link]

[37] Cengiz Kaya, “Optimizing Crop Production with Plant Phenomics through High-Throughput Phenotyping and AI in Controlled
Environments,” Food and Energy Security, vol. 14, no. 1, pp. 1-22, 2025. [CrossRef] [Google Scholar] [Publisher Link]

[38] Chrysanthos Maraveas, “Image Analysis, Artificial Intelligence Technologies for Plant Phenotyping: Current State of the Art,”
AgriEngineering, vol. 6, no. 3, pp. 3375-3407. [CrossRef] [Google Scholar] [Publisher Link]

[39] Ayan Chaudhury et al., “Machine Vision System for 3D Plant Phenotyping,” IEEE/ACM Transactions on Computational Biology and
Bioinformatics, vol. 16, no. 6, pp. 2009-2022, 2019. [CrossRef] [Google Scholar] [Publisher Link]

[40] Ya-Hong Wang, and Wen-Hao Su, “Convolutional Neural Networks in Computer Vision for Grain Crop Phenotyping: A Review,”
Agronomy, vol. 12, no. 11, pp. 1-25, 2022. [CrossRef] [Google Scholar] [Publisher Link]

[41] Shan Xu et al., “Automatic Plant Phenotyping Analysis of Melon (Cucumis Melo L.) Germplasm Resources Using Deep Learning
Methods and Computer Vision,” Plant Methods, vol. 20, pp. 1-12, 2024. [CrossRef] [Google Scholar] [Publisher Link]

[42] Anastasia Uryasheva et al., “Computer Vision-Based Platform for Apple Leaves Segmentation in Field Conditions to Support Digital
Phenotyping,” Computers and Electronics in Agriculture, vol. 201, 2022. [CrossRef] [Google Scholar] [Publisher Link]

[43] Massimo Minervini et al., “Finely-Grained Annotated Datasets for Image-Based Plant Phenotyping, vol. 81, pp. 80-89, 2016.
[CrossRef] [Google Scholar] [Publisher Link]

[44] Hanno Scharr et al., “Leaf Segmentation in Plant Phenotyping: A Collation Study,” Machine Vision and Applications, vol. 27, pp. 585-
606, 2016. [CrossRef] [Google Scholar] [Publisher Link]

[45] T. Tamilarasi, and P. Muthulakshmi, “Machine Vision Algorithm for Detection and Maturity Prediction of Brinjal,” Smart Agricultural
Technology, vol. 7, pp. 1-11, 2024. [CrossRef] [Google Scholar] [Publisher Link]

[46] Shakib Howlader et al., “A Comprehensive Image Dataset for the Identification of Eggplant Leaf Diseases and Computer Vision
Applications,” Data in Brief, vol. 59, pp. 1-10, 2025. [CrossRef] [Google Scholar] [Publisher Link]

[47] Weisong Shi et al., “Edge Computing: Vision and Challenges,” IEEE Internet of Things Journal, vol. 3, no. 5, pp. 637-646, 2016.
[CrossRef] [Google Scholar] [Publisher Link]

61


https://doi.org/10.1016/j.jia.2023.10.019
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Integrating+artificial+intelligence+and+high-throughput+phenotyping+for+crop+improvement.&btnG=
https://www.sciencedirect.com/science/article/pii/S2095311923003611
https://doi.org/10.1109/ACCESS.2023.3265195
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=AI-driven+pheno-parenting%3A+a+deep+learning-based+plant+phenotyping+trait+analysis+model+on+a+novel+soilless+farming+dataset&btnG=
https://ieeexplore.ieee.org/abstract/document/10093804
https://ieeexplore.ieee.org/abstract/document/10093804
https://doi.org/10.3390/ai2020017
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Artificial+intelligence+in+smart+farms%3A+plant+phenotyping+for+species+recognition+and+health+condition+identification+using+deep+learning&btnG=
https://www.mdpi.com/2673-2688/2/2/17
https://www.mdpi.com/2673-2688/2/2/17
https://doi.org/10.1111/j.1469-8137.2010.03266.x
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=LEAFPROCESSOR%3A+a+new+leaf+phenotyping+tool+using+contour+bending+energy+and+shape+cluster+analysis&btnG=
https://nph.onlinelibrary.wiley.com/doi/full/10.1111/j.1469-8137.2010.03266.x
https://doi.org/10.1109/ACCESS.2024.3357099
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=An+early+and+smart+detection+of+corn+plant+leaf+diseases+using+IoT+and+deep+learning+multi-models&btnG=
https://ieeexplore.ieee.org/abstract/document/10411914
https://doi.org/10.1007/978-3-031-46238-2_26
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Plant+data+generation+with+generative+AI%3A+an+application+to+plant+phenotyping.+&btnG=
https://link.springer.com/chapter/10.1007/978-3-031-46238-2_26
https://doi.org/10.1109/ICISS63372.2025.11076351
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=AI-Driven+Advanced+System+for+Plant+Phenotyping&btnG=
https://ieeexplore.ieee.org/abstract/document/11076351
https://doi.org/10.3390/rs13050858
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Automated+machine+learning+for+high-throughput+image-based+plant+phenotyping&btnG=
https://www.mdpi.com/2072-4292/13/5/858
https://doi.org/10.1109/IC3ECSBHI63591.2025.10990724
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Artificial+Intelligence+Enabled+Brinjal+%28Solanum+Melongena%29+Leaf+Diseases+Detection+and+Classification%3A+A+Review&btnG=
https://ieeexplore.ieee.org/abstract/document/10990724
https://doi.org/10.1109/ACCESS.2020.2984556
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Visual+perception+and+modeling+for+autonomous+apple+harvesting&btnG=
https://ieeexplore.ieee.org/abstract/document/9051680
https://doi.org/10.1007/978-981-16-1089-9_5
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Thermal+Imaging-Assisted+Infection+Classification+%28BoF%29+for+Brinjal+Crop.+&btnG=
https://link.springer.com/chapter/10.1007/978-981-16-1089-9_5
https://doi.org/10.1016/B978-0-443-22001-2.00007-X
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Artificial+intelligence-assisted+microscopic+imaging+analysis+for+high-throughput+plant+phenotyping&btnG=
https://www.sciencedirect.com/science/article/abs/pii/B978044322001200007X
https://doi.org/10.1007/s00138-016-0787-1
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Special+issue+on+computer+vision+and+image+analysis+in+plant+phenotyping&btnG=
https://link.springer.com/article/10.1007/s00138-016-0787-1
https://doi.org/10.1016/j.compag.2020.105672
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+review+of+computer+vision+technologies+for+plant+phenotyping&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0168169920307511
http://dx.doi.org/10.1002/fes3.70050
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Optimizing+Crop+Production+With+Plant+Phenomics+Through+High%E2%80%90Throughput+Phenotyping+and+AI+in+Controlled+Environments&btnG=
https://onlinelibrary.wiley.com/doi/10.1002/fes3.70050
https://doi.org/10.3390/agriengineering6030193
https://scholar.google.com/scholar?q=Image+analysis,+artificial+intelligence+technologies+for+plant+phenotyping:+current+state+of+the+art&hl=en&as_sdt=0,5
https://www.mdpi.com/2624-7402/6/3/193
https://doi.org/10.1109/TCBB.2018.2824814
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Machine+vision+system+for+3D+plant+phenotyping&btnG=
https://ieeexplore.ieee.org/abstract/document/8334629
https://doi.org/10.3390/agronomy12112659
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Convolutional+neural+networks+in+computer+vision+for+grain+crop+phenotyping%3A+A+review&btnG=
https://www.mdpi.com/2073-4395/12/11/2659
https://doi.org/10.1186/s13007-024-01293-1
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Automatic+plant+phenotyping+analysis+of+Melon+%28Cucumis+melo+L.%29+germplasm+resources+using+deep+learning+methods+and+computer+vision&btnG=
https://link.springer.com/article/10.1186/s13007-024-01293-1
https://doi.org/10.1016/j.compag.2022.107269
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Computer+vision-based+platform+for+apple+leaves+segmentation+in+field+conditions+to+support+digital+phenotyping&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0168169922005828
https://doi.org/10.1016/j.patrec.2015.10.013
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Finely-grained+annotated+datasets+for+image-based+plant+phenotyping&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0167865515003645
https://doi.org/10.1007/s00138-015-0737-3
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Leaf+segmentation+in+plant+phenotyping%3A+a+collation+study&btnG=
https://link.springer.com/article/10.1007/s00138-015-0737-3
https://doi.org/10.1016/j.atech.2024.100402
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Machine+vision+algorithm+for+detection+and+maturity+prediction+of+Brinjal+&btnG=
https://www.sciencedirect.com/science/article/pii/S2772375524000078
https://doi.org/10.1016/j.dib.2025.111353
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+comprehensive+image+dataset+for+the+identification+of+eggplant+leaf+diseases+and+computer+vision+applications&btnG=
https://www.sciencedirect.com/science/article/pii/S235234092500085X
https://doi.org/10.1109/JIOT.2016.2579198
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%09Shi%2C+W+Edge+computing%3A+Vision+and+challenges&btnG=
https://ieeexplore.ieee.org/abstract/document/7488250

Rahul Mahala et al. / 1JECE, 12(9), 46-62, 2025

[48] Pasquale Tripodi et al., “Sensing Technologies for Precision Phenotyping in Vegetable Crops: Current Status and Future Challenges,”
Agronomy, vol. 8, no. 4, pp. 1-24, 2018. [CrossRef] [Google Scholar] [Publisher Link]

[49] R. Karthickmanoj, T. Sasilatha, and J. Padmapriya, “Automated Machine Learning Based Plant Stress Detection System,” Materials
Today: Proceedings, vol. 47, pp. 1887-1891, 2021. [CrossRef] [Google Scholar] [Publisher Link]

[50] Muhammad Salman Akhtar et al., “Unlocking Plant Secrets: A Systematic Review of 3D Imaging in Plant Phenotyping Techniques,”
Computers and Electronics in Agriculture, vol. 222, 2024. [CrossRef] [Google Scholar] [Publisher Link]

[51] Ting Wen et al., “Thermal Imaging: The Digital Eye Facilitates High-Throughput Phenotyping Traits of Plant Growth and Stress
Responses,” Science of the Total Environment, vol. 899, 2023. [CrossRef] [Google Scholar] [Publisher Link]

[52] Shideh Mojerlou, Recent Advances in Management of Diseases and Pests of Common Occurrence Under Protected Cultivation, 1% ed.,
Protected Cultivation, Apple Academic Press, pp. 1-23, 2024. [Google Scholar] [Publisher Link]

[53] Luiz F.P. Oliveira, Antonio P. Moreira, and Manuel F. Silva, “Advances in Agriculture Robotics: A State-of-the-Art Review and
Challenges Ahead,” Robotics, vol. 10, no. 2, pp. 1-31, 2021. [CrossRef] [Google Scholar] [Publisher Link]

[54] Boukouba Riheb et al., “Unveiling the Potential of Artificial Intelligence in Plant Phenotyping and Disease Detection: A Survey,” 2024
IEEE International Multi-Conference on Smart Systems & Green Process (IMC-SSGP), Djerba, Tunisia, pp. 1-9, 2024. [CrossRef]
[Google Scholar] [Publisher Link]

[55] Jizhang Wang, Yun Zhang, and Rongrong Gu, “Research Status and Prospects on Plant Canopy Structure Measurement Using Visual
Sensors Based on Three-Dimensional Reconstruction,” Agriculture, vol. 10, no. 10, pp. 1-27, 2020. [CrossRef] [Google Scholar]
[Publisher Link]

[56] Ocident Bongomin et al., “UAV Image Acquisition and Processing for High-Throughput Phenotyping in Agricultural Research and
Breeding Programs,” The Plant Phenome Journal, vol. 7, no. 1, pp. 1-37, 2024. [CrossRef] [Google Scholar] [Publisher Link]

[57] Xu Wang et al., 8 - Artificial Intelligence/Machine Learning-Assisted Near-Infrared/Optical Biosensing for Plant Phenotyping, Machine
Learning and Artificial Intelligence in Chemical and Biological Sensing, pp. 203-225, 2024. [CrossRef] [Google Scholar] [Publisher
Link]

[58] Navdeep Kaur, and Gaurav Deep, loT-Based Brinjal Crop Monitoring System, Smart Sensors for Industrial Internet of Things:
Challenges, Solutions and Applications, Springer, pp. 231-247, 2021. [CrossRef] [Google Scholar] [Publisher Link]

[59] Delia SepulLveda et al., “Robotic Aubergine Harvesting Using Dual-Arm Manipulation,” IEEE Access, vol. 8, pp. 121889-121904,
2020. [CrossRef] [Google Scholar] [Publisher Link]

[60] Fernando Fuentes-Pefiailillo et al., “Transformative Technologies in Digital Agriculture: Leveraging Internet of Things, Remote
Sensing, and Artificial Intelligence for Smart Crop Management,” Journal of Sensor and Actuator Networks, vol. 13, no. 4, pp. 1-26,
2024. [CrossRef] [Google Scholar] [Publisher Link]

[61] Sanjay Kumar Gupta et al., “Multiclass Weed Identification Using Semantic Segmentation: An Automated Approach for Precision
Agriculture,” Ecological Informatics, vol. 78, 2023. [CrossRef] [Google Scholar] [Publisher Link]

62


https://doi.org/10.3390/agronomy8040057
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Sensing+technologies+for+precision+phenotyping+in+vegetable+crops%3A+current+status+and+future+challenges&btnG=
https://www.mdpi.com/2073-4395/8/4/57
https://doi.org/10.1016/j.matpr.2021.03.651
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Automated+machine+learning+based+plant+stress+detection+system&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S2214785321027462
https://doi.org/10.1016/j.compag.2024.109033
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Unlocking+plant+secrets%3A+A+systematic+review+of+3D+imaging+in+plant+phenotyping+techniques&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0168169924004241
https://doi.org/10.1016/j.scitotenv.2023.165626
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Thermal+imaging%3A+The+digital+eye+facilitates+high-throughput+phenotyping+of+traits+of+plant+growth+and+stress+responses&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0048969723042493
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Recent+advances+in+the+management+of+diseases+and+pests+of+common+occurrence+under+protected+cultivation&btnG=
https://www.taylorfrancis.com/chapters/edit/10.1201/9781003402596-8/recent-advances-management-diseases-pests-common-occurrence-protected-cultivation-shideh-mojerlou
https://doi.org/10.3390/robotics10020052
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Advances+in+agricultural+robotics%3A+A+state-of-the-art+review+and+challenges+ahead.&btnG=
https://www.mdpi.com/2218-6581/10/2/52
https://doi.org/10.1109/IMC-SSGP63352.2024.10919679
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Unveiling+the+Potential+of+Artificial+Intelligence+in+Plant+Phenotyping+and+Disease+Detection%3A+A+Survey&btnG=
https://ieeexplore.ieee.org/abstract/document/10919679
https://doi.org/10.3390/agriculture10100462
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Research+status+and+prospects+on+plant+canopy+structure+measurement+using+visual+sensors+based+on+three-dimensional+reconstruction&btnG=
https://www.mdpi.com/2077-0472/10/10/462
https://doi.org/10.1002/ppj2.20096
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=UAV+image+acquisition+and+processing+for+high%E2%80%90throughput+phenotyping+in+agricultural+research+and+breeding+programs&btnG=
https://acsess.onlinelibrary.wiley.com/doi/full/10.1002/ppj2.20096
https://doi.org/10.1016/B978-0-443-22001-2.00008-1
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Artificial+intelligence%2Fmachine+learning-assisted+near-infrared%2Foptical+biosensing+for+plant+phenotyping.&btnG=
https://www.sciencedirect.com/science/article/abs/pii/B9780443220012000081
https://www.sciencedirect.com/science/article/abs/pii/B9780443220012000081
https://doi.org/10.1007/978-3-030-52624-5_15
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=IoT-Based+brinjal+crop+monitoring+system.&btnG=
https://link.springer.com/chapter/10.1007/978-3-030-52624-5_15
https://doi.org/10.1109/ACCESS.2020.3006919
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Robotic+aubergine+harvesting+using+dual-arm+manipulation&btnG=
https://ieeexplore.ieee.org/abstract/document/9133102
https://doi.org/10.3390/jsan13040039
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Transformative+technologies+in+digital+agriculture%3A+Leveraging+Internet+of+Things%2C+remote+sensing%2C+and+artificial+intelligence+for+smart+crop+management&btnG=
https://www.mdpi.com/2224-2708/13/4/39
https://doi.org/10.1016/j.ecoinf.2023.102366
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Multiclass+weed+identification+using+semantic+segmentation%3A+An+automated+approach+for+precision+agriculture&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S1574954123003953

