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lant diseases are traditionally diagnosed after visible symptoms such as chlorosis,

necrotic lesions, wilting, mosaic patterns, or abnormal growth become apparent.
However, by this stage, pathogens may already have colonized substantial plant tissues and
spread to neighbouring plants. The next generation of plant protection therefore focuses on
detecting disease-associated physiological and biochemical changes before visual symptoms
emerge. Pre-symptomatic disease detection combines hyperspectral and multispectral
imaging, thermal sensing, chlorophyll fluorescence, volatile organic compound (VOC)
analysis, biosensors, Internet of Things (loT) networks, unmanned aerial vehicles (UAVS),
and artificial intelligence (Al). These technologies can identify subtle changes in pigment
composition, water status, photosynthetic performance, canopy temperature, spectral
reflectance and plant-emitted chemical signals. Machine learning and deep learning further
transform these multidimensional signals into disease-risk maps and actionable alerts. Recent
research demonstrates that hyperspectral data coupled with machine learning can discriminate
disease-related changes that are difficult to recognize through conventional RGB imaging.
Similarly, thermal and satellite-based sensing provide opportunities for monitoring large
fields without destructive sampling. The integration of sensor fusion, edge computing and
predictive analytics could shift crop protection from reactive treatment toward preventive,
site-specific intervention. This article examines the scientific basis, technologies, advantages,
limitations and future prospects of invisible plant protection, highlighting its potential to
reduce unnecessary pesticide use, contain disease spread and improve climate-resilient crop
production.

Keywords: pre-symptomatic detection; plant disease; hyperspectral imaging; artificial
intelligence; biosensors; precision plant protection

Introduction

Plant disease management has traditionally followed a reactive sequence: farmers observe
symptoms, identify the probable pathogen, and then apply a management intervention. This
approach is practical but inherently delayed. Visible symptoms frequently represent the
endpoint of a series of physiological, biochemical and structural disturbances that may have
begun several hours or days earlier. During this hidden phase, pathogens can multiply, alter
host metabolism and establish infection sites before farmers recognize a problem. The
concept of invisible plant protection aims to reverse this sequence. Instead of asking,
“Which plants are already diseased?”, the objective becomes, “Which plants are beginning to
behave differently from healthy plants?” This distinction is fundamental to precision crop
protection.
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Pathogen infection can modify photosynthetic pigments, stomatal conductance, transpiration,
cellular water balance, membrane integrity and carbon metabolism. These alterations can
influence the optical, thermal and chemical signatures of plants before conventional
symptoms become visible. Modern sensing technologies can capture these changes, while
artificial intelligence (Al) can distinguish disease-associated patterns from normal
physiological variability. Recent reviews show rapid progress in deep learning, computer
vision and machine-learning-based plant disease diagnosis, although field generalization
remains an important challenge (Upadhyay et al., 2025; Shoaib et al., 2025).

Why Pre-Symptomatic Detection Matters
The economic value of early detection lies in the time gained between infection and visible
symptom development. Once symptoms are widespread, disease management may require
extensive pesticide applications, removal of infected plants or, in severe cases, destruction of
an entire crop. Pre-symptomatic detection provides an opportunity to intervene when disease
incidence is still spatially limited. A grower could potentially isolate an infected zone, modify
irrigation or environmental conditions, apply a targeted treatment, or intensify monitoring
rather than treating the entire field. This approach is particularly relevant to high-value
horticultural crops, protected cultivation and seed production. Early detection can also
support quarantine and phytosanitary decision-making where asymptomatic planting material
presents a major epidemiological risk.
The central principle is therefore:

Infection — physiological disturbance — biochemical change — sensor-detectable

signal — visible symptom

Conventional scouting generally begins at the final stage. Invisible plant protection attempts
to detect the disease during the earlier stages of this sequence.

Hyperspectral Imaging: Seeing Beyond Human Vision

Hyperspectral imaging is among the most promising technologies for detecting hidden plant
stress. Unlike conventional RGB cameras, which record three broad spectral bands,
hyperspectral sensors acquire information across numerous narrow wavelengths. Disease
infection can alter leaf pigments, cellular structure, water content and biochemical
composition. Such alterations may produce subtle spectral differences before lesions or
discoloration become visually apparent. Hyperspectral imaging can therefore generate a
biochemical “fingerprint” of plant condition. A 2024 review highlighted the growing
integration of hyperspectral imagery with machine-learning methods for crop disease
detection and identification (Sustainability, 2024).
The workflow generally includes:

Spectral acquisition — preprocessing — feature extraction — wavelength selection —

machine learning — disease-risk classification

Algorithms such as support vector machines, random forests, partial least squares
discriminant analysis and neural networks can be trained to classify healthy and infected
plants. An important advantage is that hyperspectral sensing does not necessarily require
direct visual symptoms. However, its adoption is constrained by sensor cost, data volume,
illumination variability and the requirement for carefully labelled field datasets.

Thermal Imaging: Detecting Invisible Changes in Plant Water Relations
Thermal imaging offers another route to pre-symptomatic detection. Plant temperature is
strongly influenced by transpiration and stomatal regulation. Pathogen infection can disrupt
these processes, potentially producing localized changes in leaf or canopy temperature.
Infrared cameras can convert these temperature differences into spatial thermal maps. When
combined with Al, thermal information may help differentiate healthy plants from plants
undergoing pathogen-induced physiological stress. The importance of this technology is
particularly evident under field conditions where visual symptoms may be obscured by
canopy complexity. Thermal sensing can also be integrated with UAV platforms to survey
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large areas rapidly. Recent research has explored deep-learning-based disease classification
using thermal images and edge-computing hardware, indicating a pathway toward real-time,
field-deployable systems.

Chlorophyll Fluorescence: Monitoring Photosynthesis Under Attack
Photosynthesis is one of the earliest physiological processes affected by many forms of plant
stress. Chlorophyll fluorescence provides a non-destructive method for assessing changes in
photosynthetic efficiency. Parameters associated with fluorescence can reveal disturbances in
photosystem function before leaves display obvious discoloration. Consequently,
fluorescence imaging may act as an early physiological warning system. The major
advantage is that it measures plant function rather than merely appearance. Its limitations
include instrument cost, sensitivity to environmental conditions and the need for standardized
measurement protocols. In future systems, fluorescence data could be combined with
hyperspectral and thermal measurements to provide a more complete representation of plant
health.

Plant Volatile Organic Compounds: The Chemical Language of Stress
Plants continuously emit volatile organic compounds (VOCs), and pathogen attack can
modify the composition and quantity of these emissions. These compounds may therefore
provide a biochemical signal of infection. VOCs are particularly interesting because they
potentially enable disease detection without physical contact or tissue destruction. Electronic
noses, gas sensors, mass-spectrometry-based systems and other chemical sensing platforms
can be used to characterize plant-emitted compounds. Recent research has emphasized the
role of VOCs in detecting and managing plant pests and pathogens and in understanding
plant-organism interactions (Favaro et al., 2024). A future smart greenhouse could
theoretically combine air-quality sensors with environmental monitoring to continuously
screen for abnormal chemical signatures. However, VOC profiles can vary with cultivar,
temperature, humidity, developmental stage and other stresses. Therefore, robust models
must distinguish pathogen-specific signals from background biological variation.

Al and Machine Learning: Converting Signals into Disease Intelligence
Sensors generate enormous quantities of data, but data alone do not constitute diagnosis. Al
provides the analytical layer required to convert complex sensor observations into
interpretable disease predictions. Convolutional neural networks (CNNs) remain widely used
for image-based plant disease classification, while transformer-based architectures are
increasingly being investigated for complex visual and multimodal datasets. Recent reviews
identify CNNs as highly established approaches while noting the potential of Vision
Transformers for improved performance at greater computational cost (Shoaib et al., 2025;
Upadhyay et al., 2025). The next step is multimodal Al. Rather than relying exclusively on
an image, a model could combine:

o hyperspectral reflectance;

e canopy temperature;

e chlorophyll fluorescence;

« soil moisture;

e air temperature and relative humidity;

o leaf wetness;

o disease history;

« weather forecasts; and

e crop growth stage.

This sensor fusion approach could produce a disease probability score rather than a simple
healthy/diseased classification.

ACRI MACATINE ISSN: 3048-8656 Page 82




Sahu and Chaurasia (2026) Agri Magazine, 03(08): 80-87 (AUG, 2026)

From Invisible Infection to Early Disease Detection

Pathogen > Early Physiological > Biochemical > Sensor Al-based Early Precision
c o e Changes Detection = Analysis B Warning = Intervention

Pathogen enters Pathogen activity disturbs Altered metabolism and Advanced sensors capture Multi-sensor data are Al generates disease-risk. Targeted and timely

through stomata, normal plant functions defence responses subtle changes Invisible Integrated and analysed alerts and spatial risk interventions applied
wounds or roots. before symptoms appear. produce biochemical to the human eye. using AI/ML models. magps for proactive only to high-risk zones.
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Figure 1 — Pre-symptomatic Disease Detection Workflow

UAVs, Satellites and 10T: Scaling Detection from Leaves to Landscapes
Handheld sensors are useful for targeted diagnosis but cannot efficiently monitor hundreds of
hectares. UAVs equipped with RGB, multispectral, hyperspectral or thermal cameras provide
a scalable solution. Satellite platforms extend this capability further. An emerging research
direction is the use of freely available satellite multispectral imagery and machine learning
for detecting asymptomatic diseases such as ratoon stunting disease in sugarcane. Such
approaches demonstrate the potential for large-scale disease surveillance without continuous
ground inspection. The future architecture of invisible plant protection may therefore involve
three levels:

Leaf level: handheld sensors and smartphones

Field level: 10T nodes and UAVs

Regional level: satellite remote sensing

These layers can communicate through cloud or edge-computing platforms to generate
continuously updated disease-risk maps.

Invisible Plant Protection: A Multi-Sensor Al Ecosystem

Detecting Disease Before Symptoms. Protecting Yield. Preserving Sustainability.
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Figure 2 — Smart/Invisible Plant Protection System
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From Disease Detection to Disease Prediction
The ultimate objective is not simply to detect infection earlier. It is to predict where disease
is likely to emerge next. Pathogen development is influenced by environmental variables
including temperature, humidity, rainfall, leaf wetness duration and canopy density.
Integrating these variables with historical disease observations and sensor-derived plant stress
indicators can support predictive disease models.

For example:

Weather forecast + crop stage + pathogen risk + sensor anomaly + Al model = disease-

risk forecast

Such systems could notify farmers before disease becomes widespread and recommend
targeted scouting or intervention. This represents a fundamental transition from reactive
plant pathology to predictive plant pathology.

Table 1. Emerging Technologies for Pre-Symptomatic Plant Disease Detection

Subtle High spectral Expensive
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remains monitoring
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Lower cost
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Precision Plant Protection and Reduced Pesticide Dependence

Pre-symptomatic detection could contribute directly to more sustainable crop protection.
Conventional blanket spraying treats healthy and infected areas similarly. Precision disease
management instead identifies high-risk zones and allocates inputs selectively.

Potential benefits include:

reduced unnecessary pesticide applications;

lower production costs;

delayed development of pesticide resistance;

reduced chemical exposure;

improved beneficial-organism conservation;

faster containment of disease outbreaks; and

improved crop quality and yield stability.

However early detection should not automatically trigger chemical treatment. A sensor alert
should ideally initiate verification, risk assessment and integrated disease management,
combining cultural, biological, genetic and chemical approaches where appropriate.

NoookrwdPE

Major Challenges

Despite substantial technological progress, invisible plant protection is not yet universally
reliable. The greatest challenge is field variability. A model trained using laboratory images
may perform poorly under sunlight, dust, overlapping leaves, different cultivars or mixed
stress conditions. Disease symptoms can also resemble nutrient deficiency, drought stress,
salinity, herbicide injury or insect damage. Data imbalance is another major issue. Al systems
often have abundant images for common diseases but limited datasets for rare pathogens and
early infection stages. Recent reviews have also identified dataset quality, geographic bias
and model generalization as important research gaps (Khan et al., 2025). Other constraints
include sensor cost, calibration requirements, internet connectivity, computational demand,
data privacy and the need for farmer-friendly interfaces. Therefore, high laboratory accuracy
should not be confused with field readiness. Models require validation across locations,
seasons, cultivars, environmental conditions and disease stages.

ACRI MACATINE ISSN: 3048-8656 Page 85




Sahu and Chaurasia (2026) Agri Magazine, 03(08): 80-87 (AUG, 2026)

The Future: A Digital Immune System for Crops

The long-term vision is a digital immune system for agriculture. Plants would be
continuously monitored through a network of sensors capable of detecting physiological,
spectral, thermal and chemical anomalies. Al would compare real-time measurements with
healthy crop baselines and generate early-warning signals. UAVs could then investigate
suspicious zones, while ground sensors or plant pathologists could confirm the diagnosis.
Management recommendations could subsequently be delivered through a mobile application
or farm-management platform. Such a system would not replace plant pathologists. Instead, it
would extend their diagnostic reach from individual samples to entire landscapes. The
greatest opportunity lies in sensor fusion and explainable Al. Farmers and agronomists
need to know not only that a model predicts “high disease risk,” but also why—whether
because of abnormal spectral reflectance, elevated canopy temperature, altered fluorescence
or a combination of environmental conditions.

Conclusion

Disease detection before visible symptoms represents a major paradigm shift in crop
protection. Hyperspectral imaging, thermal sensing, chlorophyll fluorescence, VOC analysis,
loT, UAVs, satellite remote sensing and Al are progressively transforming plant health
monitoring from visual inspection into continuous physiological surveillance. The future of
plant protection will therefore be less about waiting for disease to become visible and more
about recognizing the earliest measurable signs of biological disturbance. The most
successful systems will integrate multiple sensing modalities with pathogen biology,
environmental data and field-level validation. Invisible plant protection is not simply a
technological upgrade to conventional disease diagnosis. It is a transition from reaction to
anticipation, from blanket treatment to precision intervention, and from visible
symptoms to invisible signals. If these technologies can be made affordable, explainable and
robust under real farming conditions, they could substantially improve disease containment,
reduce pesticide dependence and strengthen the resilience of agricultural production systems.

References

1. Favaro, R., Berka, M., Pettersson, M., Thoming, G., Arce, C. C. M., Inacio, M. L.,
Turlings, T. C. J., Faria, J. M. S., Jung, T., Bazin, D., Pozzebon, A., Angeli, S., &
Cappellin, L. (2024). The use of volatile organic compounds in preventing and managing
invasive plant pests and pathogens. Frontiers in Horticulture, 3, 1379997.
https://doi.org/10.3389/fhort.2024.1379997

2. Ferreira, L. C., Carvalho, I. C. B., Jorge, L. A. C., Quezado-Duval, A. M., & Rossato, M.
(2024). Hyperspectral imaging for the detection of plant pathogens in seeds: Recent
developments and challenges. Frontiers in Plant Science, 15, 1387925.
https://doi.org/10.3389/fpls.2024.1387925

3. Khan, S. U., Alsuhaibani, A., Alabduljabbar, A., Almarshad, F., & Altherwy, Y. N.
(2025). A review on automated plant disease detection: Motivation, limitations,
challenges, and recent advancements for future research. Journal of King Saud University
Computer and Information Sciences, 37, 34.

4. Salka, T. D., Hanafi, M. B., Rahman, S. M. S. A. A., Zulperi, D. B. M., & Omar, Z.
(2025). Plant leaf disease detection and classification using convolution neural networks
model: A review. Artificial Intelligence Review, 58, 322.

5. Shoaib, M., Sadeghi-Niaraki, A., Ali, F., Hussain, 1., & Khalid, C. (2025). Leveraging
deep learning for plant disease and pest detection: A comprehensive review and future
directions. Frontiers in Plant Science, 16, 1538163.
https://doi.org/10.3389/fpls.2025.1538163

6. Upadhyay, A., Chandel, N. S., Singh, K. P., & Chakraborty, S. K. (2025). Deep learning
and computer vision in plant disease detection: A comprehensive review of techniques,
models, and trends in precision agriculture. Artificial Intelligence Review, 58, 92.
https://doi.org/10.1007/s10462-024-11100-x

ACRI MACATINE ISSN: 3048-8656 Page 86



https://doi.org/10.3389/fhort.2024.1379997
https://doi.org/10.3389/fpls.2024.1387925
https://doi.org/10.3389/fpls.2025.1538163
https://doi.org/10.1007/s10462-024-11100-x

Sahu and Chaurasia (2026) Agri Magazine, 03(08): 80-87 (AUG, 2026)

10.

11.

12.

Sustainability. (2024). Hyperspectral image analysis and machine learning techniques for
crop disease detection and identification: A review. Sustainability, 16(14), 6064.
https://doi.org/10.3390/su16146064

Waters, E. K., Chen, C.-M., & Rahimi Azghadi, M. (2024). Machine learning for
asymptomatic ratoon stunting disease detection with freely available satellite-based
multispectral imaging. arXiv.

Silva, P. E. C. da, & Almeida, J. (2024). An edge computing-based solution for real-time
leaf disease classification using thermal imaging. arXiv.

Banerjee, S., Mallick, T., Chakroborty, A., Saha, H. N., & Takur, N. T. (2025).
Evaluation of state-of-the-art deep learning techniques for plant disease and pest
detection. arXiv.

Hu, X., Chen, H., Duan, Q., Hong, D., Li, R., Shang, H., Jiang, L., Yang, H., & Zhang, D.
(2025). A comprehensive review of diffusion models in smart agriculture: Progress,
applications, and challenges. arXiv.

Smart Agricultural Technology. (2025). Precision agriculture in the age of Al: A
systematic review of machine learning methods for crop disease detection. Smart
Agricultural Technology, 12, 101491. https://doi.org/10.1016/j.atech.2025.101491

ACRI MACATINE ISSN: 3048-8656 Page 87


https://doi.org/10.3390/su16146064
https://doi.org/10.1016/j.atech.2025.101491

