JOURNAL PUNJAB ACADEMY OF SCIENCES (Peer Reviewed Open Access Journal)
JPAS, 24: 53-57 (January-December 2024)

Available online at www.jpas.in

ISSN 2229-7014 (P)

IDENTIFICATION OF CROP HEALTH USING AI-ENABLED
REMOTE SENSING

Jaspreet Kaur”, Navjot Kaur
Department of Computer Science & Engineering, Chandigarh University, Mohali, India
2Department of Computer Science & Engineering, Punjabi University, Patiala, India.
E-mail: "Jaspreetkaurpaul@gmail.com, navjot@pbi.ac.in

ABSTRACT

The rapid advancement of remote sensing technology, combined with artificial intelligence (AI), has opened new avenues for
precision agriculture, particularly in the identification of crop health. This paper explores the integration of Al algorithms with
remote sensing techniques, enabling the accurate detection and diagnosis of crop health conditions in real-time. Remote sensing
devices capture high-resolution data through satellite, UAV (unmanned aerial vehicle), and ground-based sensors, while Al
processes this data to detect patterns associated with various crop health indicators, such as nutrient deficiencies, disease symptoms,
water stress, and pest infestations. Al techniques, including machine learning (ML), deep learning, and computer vision, automate
and enhance the interpretation of this extensive dataset. This approach reduces dependency on traditional, labour-intensive scouting
methods and offers a cost-effective, scalable solution for monitoring crop health across large agricultural areas. The paper also
discusses potential challenges while suggesting directions for future research.
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INTRODUCTION

Agricultural productivity is essential for global
food security, especially with growing population
demands and the need for sustainable farming
practices. Ensuring optimal crop health is a top
priority for both researchers and farmers, as healthy
crops lead to increased yields and reduced losses
due to pests, diseases, and environmental stressors.
Traditional methods of crop health assessment
typically involve field scouting, manual inspection,
and laboratory testing of plant samples. Although
these techniques are effective for small-scale
farming, they become impractical for large
agricultural lands. They are often labour-intensive,
costly, and time-consuming, with limited capacity
for early detection and real-time monitoring. As a
result, there is a pressing need for innovative
approaches that can overcome these limitations and
provide scalable, efficient solutions for monitoring
crop health (Henderson& Patel, 2023).The figure 1
below shows a smart farming system centred
around a communication hub. It connects eight key
agricultural functions: crop yield analysis,
spreading, disease diagnosis, water stress
monitoring  (Johnson & Liu,2023), field
monitoring, fertility management, soil erosion
tracking, and smart data collection. All components
are managed through a tablet interface.

Remote Sensing in Agriculture

Remote sensing technology has become a ground
breaking tool for monitoring crop health across
large areas, offering a way to collect
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Figure 1. Smart Agriculture: An integrated precision
farming

detailed data on crop conditions from afar. It
involves capturing information about an area using
various types of sensors, which are typically
mounted on platforms like satellites, unmanned
aerial vehicles (UAVs (Mitchell & Rodriguez,
2022)) and drones, or ground-based systems
(Thompson, & Wang, 2023). These sensors capture
multispectral, hyperspectral, and thermal images
that reveal crucial insights into crop health
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indicators, including water content, chlorophyll
levels, and canopy structure. Remote sensing in
agriculture traces its roots back to the early use of
satellite imagery (Peterson & Chang, 2022) in the
1970s, where simple visual interpretations of crop
conditions were made from coarse-resolution
images. However, recent advances in sensor
technology, data resolution, and imaging
frequencies have enabled high-precision, multi-
dimensional data capture, allowing for a much
deeper analysis of crop health over time and across
various environmental conditions.

Remote sensing can provide a comprehensive
overview of an entire field, allowing farmers and
researchers to identify patterns and anomalies that
may indicate issues such as nutrient deficiencies,
diseases, or water stress. For example, infrared
imaging can reveal stress in plants that may not yet
be visible to the human eye, enabling early
intervention before a problem escalates. The
integration of geographic information systems
(GIS) with remote sensing has further advanced
this field, allowed precise mapping and tracked of
crop health variations within and across fields. This
makes it possible to practice site-specific
management, reducing the overuse of resources
like fertilizers, pesticides, and water, which can
have economic and environmental benefits.

LITERATURE SURVEY

Precision  agriculture, as a sophisticated
agricultural management practice, ultimately seeks
to maximize farm inputs while conserving
resources. Precision agriculture takes a major leap
away from the traditional, uniform style of farming
(Garcia-Lopez & Williams, 2022). Using the idea
of observing, measuring, and reacting to variability
in and between fields, precision agriculture seeks
to adapt farming practices to meet the needs of
individual fields. This evolution was sparked by
technology including GPS, GIS, remote sensing,
and more recently, the Internet of Things (Ye et al.,
2013).

The roots of precision agriculture can be traced
back to the introduction of GPS technology on
farms in the 1980s, the transition to precision
agriculture reflected the change in farming from
broad scale, generalized management to a more
precise, data driven approach. The adverse results
from managing based on uniform applications that
were deemed efficient, effectively explained the

evolution of farming practices over the past 40
years.
Despite the long data temporal scale there is value
in including GIS, remote sensing technologies, and
variable-rate technology to monitor and control
farming practices that are more precise
(Bhattacharya, Kumar& Patel, 2023).
Tilling soil-based agriculture initially arises an
agronomic challenge with respect to maintaining
soil health, which 1is fundamental to crop
production; but relying on conventional soil
sampling through time is also a limitation with
respect to providing a snapshot of soil health. Even
when sampling an agricultural field once or twice a
year is the conventional approach, seeking up to
date snapshots of changes due to forces exerted by
climate, microbial biomass, and management
practices is agronomically wvalid. Accordingly,
when samples are taken seasonally once in the
spring or fall before planting or after harvest is too
late to manage nutrients properly, thus observes and
contributes to the large yield losses nationwide
(Chen, Wang & Zhang, 2022).
Farmers face similar complications with crop
monitoring using traditional methods. Direct visual
inspections of crops take a long time and can be
unreliable due to potential human error in larger
scale farming systems. In addition, by the time that
visual symptoms of stress, pest damage, or disease
have developed to a visible point, there may
already be a high level of crop damage that limits
response options. This reactive type of
management creates crop loss, increasing reliance
on pesticides and/or fertilizers, and can impact
profitability while raising environmental issues
(Dhillon & Brown, 2023). Another major difficulty
in agriculture is detecting physiological disorders
in the developing crop, which can have significant
effects on crops vyields and crop quality.
Physiological disorders arise from a variety of
issues and are frequently related to nutrient
imbalance, variable environments, and/or genetics,
but spotting them early on is difficult. In addition,
physiological disorders often show up as ‘little
bubbles’ in plants (ex. blossom-end rot in tomatoes)
or in tubers (ex. hollow heart in potatoes) and
without constant, comprehensive monitoring can
complicate symptom identification, and when
producers do identify a problem, they are often
unsure how to find solutions (Evans & Martinez,
2022).
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Role of AI in Remote Sensing

While remote sensing provides valuable data, the
volume and complexity of this information can be
overwhelming, requiring specialized skills and
significant time for interpretation. This is where
artificial intelligence (Al) steps in, adding immense
value by automating data analysis, reducing human
error, and enhancing the interpretation of large
datasets. Al techniques such as machine learning
(ML), deep learning (DL) (Li & Thompson, 2023),
and computer vision are particularly useful for
processing the complex, high-resolution data
generated by remote sensing technologies.
Through methods like image classification, object
detection, and segmentation, Al can detect and
identify health-related patterns in crops with high
accuracy and speed.
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Figure 2. Smart Farming Architecture

This figure 2 shows a four-layer smart farming
architecture: Data Collection (gathering data from
satellites, UAVs, sensors, weather), Data
Processing  (using  preprocessing,  feature
extraction, ML models, computer vision), Analysis
(assessing crop health, diseases, nutrients, water
stress, pests), and Application (providing
monitoring, decisions, alerts, and
recommendations for farmers).

Machine learning models can be trained to
recognize different stress indicators, such as
yellowing leaves (indicative of nutrient
deficiency), patchy growth (possibly due to uneven
watering or soil issues), and discoloration or
lesions (signs of disease or pest infestation). Deep

learning algorithms, especially convolutional
neural networks (CNNs), have been

widely adopted in agricultural remote sensing
applications due to their exceptional capabilities in
image analysis. These algorithms can learn and
identify intricate details in imagery data that may
otherwise go unnoticed by conventional inspection
methods. Al enhances the efficacy of remote
sensing by enabling near real-time analysis of crop
health data, providing actionable insights that help
farmers make timely decisions.

For instance, Al algorithms can automatically
analyse spectral patterns in remote sensing data and
alert farmers about areas requiring immediate
attention, such as zones experiencing water stress
or pest invasion. The precision and scalability of
Al-driven remote sensing (Wilson & Garcia, 2022)
make it an invaluable tool for optimizing crop
management practices, improving productivity,
and supporting sustainable agriculture.

METHODOLOGIES
Al-enabled remote sensing for crop health
monitoring involves a comprehensive approach,
starting with data collection, followed by data pre-
processing, and culminating in the application of
Al techniques for analysis.
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Figure 3. Flowchart showing systematic process for
identifying crop health

This section outlines the methodologies used to
achieve effective crop health identification,
including specific remote sensing sources, data
cleaning, and the development of machine learning
(ML) and deep learning (DL) models (Zhang &
Anderson, 2023). The figure 3 illustrates a
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systematic process for identifying crop health using
Al-enabled remote sensing. It begins with Data
Collection (satellite imagery, drones, sensors),
followed by Data Preprocessing (cleaning,
normalization). AI Analysis (machine learning
(Fernandez-Gallego & Thompson, 2023) computer
vision) then detects crop health indicators like
nutrient  deficiencies or pests, leading to
Agricultural Actions (irrigation, fertilization, pest
control).

DISCUSSION

The integration of Al-enabled remote sensing into
agriculture presents transformative potential for
modern farming practices. By leveraging data-
driven insights into crop health, this technology
enables farmers to make precise, timely decisions
that optimize yields, reduce resource use, and
minimize environmental impact. However, its
successful implementation faces a number of
challenges related to data quality, technical
limitations, and the infrastructure required to
support these advancements. This section explores
the implications of Al-driven remote sensing for
agriculture, the key challenges that must be
addressed, and potential future directions for
expanding the technology’s impact.

Implications for Agriculture

Al-enabled remote sensing stands to significantly
influence modern agricultural practices. By
automating crop health monitoring, it provides
farmers with a more efficient, scalable way to
assess crop conditions across large land areas
(Santos & Miller,2022). The early detection
capabilities of Al-driven remote sensing enable
farmers to identify stress indicators, such as
nutrient deficiencies, water stress, and pest or
disease infestations, long before they would be
visible to the human eye. This proactive approach
to crop management can drastically reduce crop
losses and enhance productivity.

Furthermore, this technology can reduce costs
associated with manual field inspections, which are
labour-intensive and time-consuming. Automated
monitoring also improves resource management by
guiding farmers in applying water, fertilizers, and
pesticides more precisely. This not only reduces
input costs but also mitigates environmental
impacts, supporting the shift toward sustainable
agriculture. For instance, farmers can use Al-based

analysis of remote sensing data to practice
precision irrigation, applying water only where and
when it is needed, which conserves water resources
and lowers energy consumption.

The insights provided by Al-enabled remote
sensing are also valuable for large-scale decision-
making in agricultural policy and food security.
Government agencies and agricultural
organizations can use these technologies to monitor
crop health on a regional or national level, enabling
better management of food supplies and rapid
response to potential crop failures or pest
outbreaks. Ultimately, Al-enabled remote sensing
enhances productivity and profitability, while
promoting sustainable farming practices that are
essential for future food security.

CONCLUSION

Al-enabled remote sensing represents a powerful
tool for transforming agriculture by providing
accurate, scalable, and actionable insights into crop
health. While challenges related to data quality,
technical limitations, and infrastructure persist,
advancements in Al techniques and collaborative
initiatives hold promise for overcoming these
barriers. By addressing these challenges and
pursuing innovative future directions, the
agricultural sector can harness the full potential of
Al-enabled remote sensing to promote sustainable
farming, enhance productivity, and ensure food
security in an increasingly resource-constrained
world.
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