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Abstract

Early detection and diagnosis of plant diseases is critical for ensuring global food security
and sustainable agricultural practices. This review comprehensively examines latest ad-
vancements in crop disease risk prediction, onset detection through imaging techniques,
machine learning (ML), deep learning (DL), and edge computing technologies. Tradi-
tional disease detection methods, which rely on visual inspections, are time-consuming,
and often inaccurate. While chemical analyses are accurate, they can be time consuming
and leave less flexibility to promptly implement remedial actions. In contrast, modern
techniques such as hyperspectral and multispectral imaging, thermal imaging, and fluo-
rescence imaging, among others can provide non-invasive and highly accurate solutions
for identifying plant diseases at early stages. The integration of ML and DL models, in-
cluding convolutional neural networks (CNNSs) and transfer learning, has significantly
improved disease classification and severity assessment. Furthermore, edge computing
and the Internet of Things (IoT) facilitate real-time disease monitoring by processing and
communicating data directly in/from the field, reducing latency and reliance on in-house
as well as centralized cloud computing. Despite these advancements, challenges remain
in terms of multimodal dataset standardization, integration of individual technologies of
sensing, data processing, communication, and decision-making to provide a complete
end-to-end solution for practical implementations. In addition, robustness of such tech-
nologies in varying field conditions, and affordability has also not been reviewed. To this
end, this review paper focuses on broad areas of sensing, computing, and communication
systems to outline the transformative potential of end-to-end solutions for effective imple-
mentations towards crop disease management in modern agricultural systems. Foundation
of this review also highlights critical potential for integrating Al-driven disease detection and
predictive models capable of analyzing multimodal data of environmental factors such as
temperature and humidity, as well as visible-range and thermal imagery information for early
disease diagnosis and timely management. Future research should focus on developing au-
tonomous end-to-end disease monitoring systems that incorporate these technologies, foster-
ing comprehensive precision agriculture and sustainable crop production.

Keywords: plant disease detection; machine learning; deep learning; spectral imaging;
edge computing; internet-of-things; precision agriculture
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1. Introduction

Crop diseases significantly threaten global food security, causing long-standing con-
cern for farmers and agronomists. These diseases contribute to lower crop yields, dimin-
ished quality, increased pesticide usage, and substantial economic losses [1,2]. To ensure
agricultural sustainability, it is essential to minimize disease-induced damage at the ear-
liest during crop growth and optimize yields. For example, according to the International
Maize and Wheat Improvement Center (CIMMYT), wheat rust, a fungal disease affecting
wheat and barley, results in global losses of up to $3 billion annually [3]. Consequently,
early identification of crop disease risks and the implementation of targeted treatment
strategies based on disease severity are crucial for agricultural producers [4]. This plays a
key role in protecting yields and maintaining farmers’ profitability. It is also essential that
disease control measures are timely and applied in minimal possible amounts such that
the farmer’s profitability and environmental sustainability remain unharmed. Leveraging
advanced sensing and digital technologies can help in rapid and accurate identification of
plant disease and pertaining severity risks for implementing precision crop protection
strategies [5-8]. Over the past few decades, crop disease detection has advanced signifi-
cantly, evolving from manual scouting and laboratory assays in the 1980s-1990s, to com-
puter vision (CV) and machine learning (ML) approaches with handcrafted features in the
2000s, followed by multispectral and hyperspectral imaging combined with UAV-based
monitoring in the 2010s [9]. More recently, the field has shifted toward deep learning (DL)
and artificial intelligence (Al), enabling more accurate, scalable, and real-time disease
recognition in precision agriculture [9]. This technological progression aligns with increas-
ing global emphasis on sustainable intensification of agriculture. For instance, policy ini-
tiatives such as the European Union’s Common Agricultural Policy (CAP) and the U.S.
Department of Agriculture’s Precision Agriculture initiatives have promoted the adoption
of digital farming tools to reduce pesticide use, improve input efficiency, and enhance
resilience against crop losses [10,11].

In an ideal situation for zero crop loss from diseases, crop problem assessment should
begin at the pre-symptomatic stages and more so ever at the forecast stages. However,
conventionally, most of the crop diseases at the earliest are detected at their outbreaks
which means that the only opportunity that remains is for minimizing losses through ag-
gressive control measures which may neither be profitable, efficient, or sustainable. Tra-
ditional methods for identifying diseases largely rely on farmers’ personal experience,
visual scouting, guidance from plant pathologists, or lab-based crop tissue analysis. This
approach can be time-consuming, labor-intensive, and often subjective. Pertinent to visual
scouting, symptoms for various biotic or abiotic problems may appear to be very similar,
for example, early symptoms of sudden death syndrome, nutrient deficiency, or water
stress could appear to be very similar in soybean crops. Such situations combined with
the natural illumination variation during the day and inter-human color recognition ca-
pacities may introduce significant errors in problem diagnosis hence incorrect manage-
ment [7,12-17]. Lab-based crop tissue evaluation methods are accurate for plant disease
diagnosis, but are destructive in nature, limited in sampling accuracy for quantifying in-
field spatial variations, and may require extensive experiments, thereby making timely
diagnosis impossible [13], especially during the peak growth stages or high workload for
experts. This can delay providing results to growers, followed by them missing opportu-
nities for timely implementing remedial measures in the field for minimized crop losses.
It must be noted that the efficacy of treatment and dosage of crop protection measures is
determinant upon the right identification of crop problem in a high-throughput manner
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and in real field conditions. Modern techniques such as digital sensing and imaging, data
processing, anomaly or similarity identification, and deep learning-based classifications,
offer potentially higher efficiency and time saving in early crop disease diagnosis and their
precision treatment compared to traditional methods [18-23].

Variety of sensing and imaging techniques have emerged over time for detection and
identification of plant diseases. These include, Red, Green, and Blue (RGB) or visual range
imaging, multispectral, hyperspectral, spectroscopy, thermal, fluorescence, tomography,
photoacoustic, magnetic resonance, and time-of-flight, to name a few. While RGB, multi-
spectral imaging (MSI) and hyperspectral imaging (HSI) or spectroscopy analyzes signa-
tures of reflected light mostly in the visible to near-infrared ranges of electromagnetic
wavelength spectrum (400-2500 nm) [24], thermal imaging analyzes emissivity of target
object (or temperature) within the longwave infrared range (8000-14,000 nm) [25] of the
electromagnetic spectrum. Photoacoustic imaging relies on the absorption of light by the
object of interest where the resulting pressure distribution is mapped and analyzed. Mag-
netic resonance imaging (MRI) uses a strong magnetic field to align protons in the tissue,
following which radio waves are sent to disrupt the alignment of these protons. When the
radio waves are turned off, protons tend to retain their original position by emitting back
the radio signals (energy) which are captured to generate an image of internal structures.
Fluorescence sensing/imaging is another technique used for plant problem identification
wherein the plant tissues are illuminated by fluorescent light leading to electron excitation
from the ground state. Since the excited state is unstable, the electrons quickly return to
ground state by emitting fluorescence. This emission spectra are captured and analyzed
to interpret the health of plant tissue. Among all these sensing/imaging techniques, RGB,
multispectral and hyperspectral have emerged as the most adopted ones in the laborato-
ries as well as field-based investigations. Commercial RGB cameras have become inex-
pensive but lack spectral resolution for identifying the risk or onset of specific diseases
beyond the naked eye perspective. This is where MSI and further, HSI find their biggest
application scope.

The disease detection methods discussed earlier often rely on laboratory setups, lim-
iting their suitability for real-time applications. Consequently, techniques ranging from
traditional to advanced image processing (IP) including ML and DL techniques have
emerged as the facilitators of automated identification of crop diseases, quantification of
severity and progression, as well as forecasting [26,27]. As the disease outbreaks in plants,
they exhibit evolving visual symptoms such as colored spots, lesions, or lines of varying
shapes and sizes on stems and other plant parts depending on the type of disease and its
progression [12,28]. These visual cues make it possible to automatically detect or identify
plant diseases [2,29-31]. ML algorithms such as multi-class support vector machines [32],
artificial neural network (ANN) [33], radial basis function (RBF) and k-nearest neighbor
(KNN) [34] have produced an accuracy of up to 100% in detecting crop disease early or
late in the season for a range of cropping systems. The advancements in computing sys-
tems, particularly with the development of embedded graphics processing unit (GPU)
processors have greatly improved the ability to automatically and rapidly detect crop dis-
eases from imagery datasets. Here, DL [35], a subset of ML and Al, has been widely ap-
plied for crop disease identifications. DL leverages multiple layers of non-linear infor-
mation processing for supervised or unsupervised feature extraction, transformation, pat-
tern recognition, and classification [36]. Among DL architectures, Convolutional Neural
Networks (CNNs) are the most widely used for their efficiency and rapidity of modeling
complex processes and identifying patterns in large datasets [7,35]. Some of the widely
used CNN-based DL models include YOLO, Inception, Exception, ResNet, GoogleNet,
RIC-Net, and MobileNetV2, among others [37].
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As previously discussed, plant disease diagnosis generally falls into two primary cat-
egories: laboratory-based and field-based methods. Laboratory-based diagnostics employ
various specialized techniques to accurately detect the pathogens —whether fungal, bac-
terial, viral, or other microorganisms—responsible for disease symptoms in plants. This
precise identification supports farmers in selecting the most appropriate and effective dis-
ease control measures. These diagnostic procedures are typically conducted in controlled
settings using more specialized equipment. Established laboratory techniques, including
plating, microscopy, enzyme-linked immunosorbent assays (ELISAs), and polymerase
chain reaction (PCR), have significantly enhanced our ability to identify pathogens with
high accuracy and sensitivity [38]. Despite remarkable advancements in laboratory-based
disease detection, translating these technologies into real-time, field-based applications
remains challenging. Field deployments must contend with varying environmental con-
ditions, inconsistent lighting, diverse crop canopies, and limited access to power and com-
puting infrastructure. Nonetheless, recent innovations such as handheld diagnostic tools,
smartphone-based platforms, unoccupied aerial vehicles (UAVs), satellites, and unoccu-
pied ground vehicles (UGVs) are helping to bridge the lab-to-field gap. These platforms,
when integrated with Internet of Things (IoT) networks, edge computing, and cloud-
based architectures, offer a transformative opportunity for real-time, scalable, and end-to-
end crop disease monitoring and management. To fully harness these technologies, future
research must address several pressing questions:

¢  How can sensor fusion from multiple platforms (e.g., UGVs, UAVs, satellites) be op-
timized for accurate field-scale disease mapping?

e  What are the most effective models for deploying edge-Al systems that process and
act on data locally in resource-limited agricultural environments?

e  How can IoT-based disease monitoring networks be designed for long-term scalabil-
ity and sustainability in smallholder farming systems?

¢ How can real-time disease forecasts be integrated into automated treatment systems
for closed-loop precision crop protection?

By addressing these challenges and exploring such questions, the next generation of
digital disease diagnostics can become more accessible, reliable, and impactful across di-
verse agricultural landscapes. Despite remarkable progress in sensing technologies, im-
aging systems, and Al-driven analytics, end-to-end solutions for effective crop disease
management remain limited in both implementation and research focus. Most existing
review studies have primarily examined individual components —such as sensors, imag-
ing modalities, or machine learning techniques—in isolation, without integrating them
into a unified framework. This fragmentation creates a gap in understanding how these
technologies can collectively function as an efficient, interconnected pipeline for real-time
disease detection and management. Motivated by this gap, the present review aims to
provide a comprehensive and integrative overview of recent advancements spanning sen-
sors and platforms, imaging technologies, computer vision techniques, edge computing
and loT-based systems. The purpose of this review is to synthesize these components into
a cohesive discussion that highlights their interconnections and complementary roles in
developing scalable, end-to-end digital disease detection systems. Through this approach,
the review seeks to guide future research toward building accessible, reliable, and data-
driven solutions for sustainable crop health monitoring and management. Additionally,
the review evaluates economic feasibility and provides practical recommendations for
adopting emerging technologies to ensure their accessibility, affordability, and scalability
across diverse agricultural systems. To support this objective, the paper addresses the fol-
lowing key research questions aimed at clarifying the state-of-the-art developments and
their practical implications in agricultural disease monitoring:
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e  How do the various sensing platforms vary in resolution, scalability, and effective-
ness for disease detection above and below the crop canopy?

e  How has imaging evolved from 2D to advanced multispectral and 3D methods, and
which technique leads in early disease diagnosis?

e How have DL and CNN-based computer vision outperformed traditional methods
in automating and improving disease detection accuracy?

e How do IoT and edge computing enable real-time, resource-efficient crop disease
detection and decision-making across varied farm settings?

e  What are the key economic, infrastructural, and policy factors influencing the adop-
tion and scalability of emerging sensing and Al-driven technologies for end-to-end
crop disease diagnosis?

In the rest of the paper, Section 2 describes the methodology of article selection for
this review; Section 3 summarizes various case studies on crop disease detection; Section
4 discusses the sensors and platforms employed; Section 5 reviews imaging techniques
aiding disease detection; Section 6 explores computer vision methods in disease detection;
Section 7 highlights the role of edge computing and IoT in crop disease diagnosis; Section
8 discusses the economic feasibility of adopting crop diagnosis technologies; Section 9 dis-
cusses challenges and future prospects in agricultural disease detection; and finally, Sec-
tion 10 concludes the study. The structure of this paper is shown in Figure 1.
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Figure 1. Review paper structure and organization.

2. Review Methodology and Article Selection
2.1. Article Retrieval Criteria

To ensure a systematic and high-quality review, clear inclusion and exclusion criteria
were established to filter studies based on relevance, recency, and research rigor. This re-
view, which explores emerging end-to-end digital technologies for timely crop disease
diagnosis and precision crop protection within precision agriculture, applies these criteria
to capture a wide scope of existing literature while prioritizing studies with strong exper-
imental or applied contributions.
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2.1.1. Inclusion Criteria
Following criteria were applied to determine studies to be included in this review.

e  Relevance to subject of review: A key criterion for inclusion was the study’s align-
ment with the central theme of plant disease detection and its associated technolo-
gies. Selected studies were required to cover at least one relevant aspect of the review,
such as sensors and platforms used for plant disease detection, imaging techniques
for plant disease detection, development of ML/DL models and computer vision
techniques for plant image analysis, or edge-computing and IoT for end-to-end solu-
tion for integrated plant disease management systems. Relevance was assessed by
reviewing the study’s title, abstract, objectives, and methodology to confirm its con-
sistency with the scope of the paper.

e Publication timeframe: Although the review emphasizes recent innovations and
emerging technologies in the field over the past decade, 2015-2025, earlier studies
were also examined for a comprehensively understanding advancement over time.

e  Article type and subject areas: The literature search for this review primarily targeted
review and research articles published in the subject areas of agricultural and biolog-
ical sciences, computer science, and engineering. The articles selected are comprised
of journals, conference papers, thesis and dissertations.

¢ Language: To maintain consistency and ensure broad accessibility, only English-lan-
guage publications were considered in this review. This approach supported clarity
and uniformity in the analysis of the selected literature.

2.1.2. Exclusion Criteria

Following criteria were applied to determine studies to be excluded from this review.

e  Irrelevance to subject of review: Irrelevant studies such as studies that do not directly
address any aspect of the topic of review, were excluded from this research. This was
mostly determined by critically examining the study’s abstract.

e Out-of-scope publications: Studies published prior to 2015 were completely excluded
from this review, as they do not fall within the scope of the review.

e Non-journal, non-conference paper, non-thesis/dissertation: Articles such as book
chapters, editorials, and short communications, which do not have a significant
amount of research component, were completely excluded from this review.

e  Non-English publications: To maintain consistency and accessibility, studies pub-
lished in languages other than English were excluded. This also ensured that re-
viewed literature be accurately interpreted by the broader scientific community.

2.2. Article Selection Process
2.2.1. Database Search

Extensive literature searches were conducted in both ScienceDirect and Google
Scholar databases to achieve broad and comprehensive coverage of relevant studies.

2.2.2. Keywords Search

The set of keywords used in the literature search is a combination of the major key-
words and their synonyms. Example keywords combinations used are: (i) Machine learn-
ing OR Deep learning AND Crop Disease AND Detection OR Classification OR Predic-
tion, (ii) Imaging techniques AND Crop Disease AND Detection AND Agricultural fields,
(iif) Image Processing AND Crop Disease AND Detection OR Classification. The key-
words used in this study were selected to retrieve research studies related to the advance-
ment of deep learning, machine learning, image processing and imaging technologies for
the detection, classification, and prediction of crop diseases.
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2.2.3. Initial Screening

The total number of articles gathered from the search on both databases was 3320.
Afterwards, initial screening of the papers was conducted based on title and abstract rel-
evance and a total of 629 articles were selected. At this stage, studies that did not meet the
inclusion criteria were excluded. This initial screening step helped narrow down the vol-
ume of literature to a more manageable set for in-depth analysis.

2.2.4. Text Evaluation and Final Selection

The shortlisted studies were subjected to full-text evaluation to assess their relevance
and contribution to the field. At this stage, detailed inclusion and exclusion criteria were
applied, considering each study’s objectives, methods, findings, and overall quality [39].
Finally, based on the relevance of the papers to crop diseases and associated technologies,
a total of 358 articles were further selected for analysis in this study.

2.3. Keyword Analysis

The bibliometric networks for the selected papers were constructed and visualized
using the VOSviewer (version 1.6.20) software tool (https://www.vosviewer.com/, ac-
cessed on 8 August 2024), to represent the data through network, overlay, and density
visualizations [40,41]. In this keyword co-occurrence analysis (Figure 2), ten distinct clus-
ters are identified, each represented by different colors —blue, orange, red, green, yellow,
purple, pink, brown, turquoise, and light green—comprising a total of 109 keywords
meeting the minimum occurrence threshold of three. The node “deep learning” remains
the most dominant and central term, underscoring its pivotal role in modern crop disease

a7

detection. Closely associated keywords such as “artificial intelligence,” “convolutional
neural network,” “computer vision,” and “image processing” (blue—orange clusters)
highlight the growing integration of Al-driven models for automated plant disease iden-
tification and classification. The green and yellow clusters, which include terms like “plant
disease detection,” “hyperspectral imaging,” and “phenotyping,” emphasize the increas-
ing use of imaging and spectral technologies for crop monitoring and trait analysis. Mean-

i

while, the purple and pink clusters connect keywords such as “internet of things,” “smart

agriculture,” and “cloud computing,” revealing the rise in integrated, data-driven frame-
works for real-time disease surveillance. Using the association strength method for anal-
ysis, collectively, this network structure reflects a multidisciplinary convergence of deep
learning, sensing technologies, and loT-based systems, illustrating the evolving research
landscape and the central role of intelligent automation in precision crop protection.
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Figure 2. VOS diagram illustrating the relationships and clusters of keywords derived from the se-

lected papers, providing insights into thematic connections.
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The cluster of techniques applied in the reviewed studies (Figure 3) reveals seven
interconnected groups representing the diverse analytical and computational approaches
employed in crop disease detection. Central to the network are “deep learning” and “ma-
chine learning”, which remain the most dominant techniques, closely linked to “artificial

i

intelligence”, “image processing”, and “computer vision”. The strong association between
“deep learning”, “convolutional neural networks” (CNNs), “feature extraction”, and “im-
age segmentation” highlights their pivotal role in automating complex visual analysis
tasks for early and accurate disease identification. The connections extending toward “hy-
perspectral imaging”, “feature selection”, and “object detection” demonstrate the integra-
tion of data-rich sensing methods with intelligent models to enhance classification preci-
sion. Additionally, emerging links to “internet of things” (IoT), “cloud computing”, and
“predictive modeling” reflect an increasing shift toward connected, scalable frameworks
for real-time disease monitoring and forecasting. Collectively, this methodological land-
scape underscores the growing convergence of Al-driven techniques with advanced im-
aging and data-processing tools, marking a progressive trend toward smarter and more
autonomous crop protection systems.
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Figure 3. VOS illustration of relationships and groupings of techniques used in the selected papers,

providing an overview of the methodological landscape within the reviewed literature.

3. Case Studies in Crop Disease Detection

One significant role of technology in agriculture is witnessed in effective disease
management in preserving the yield and quality of major crops. Key crops like rice, wheat,
corn, and high value produce such as tomatoes and bananas are essential for food security
and global economic stability. Wheat, rice, and corn make up 80% of global cereal produc-
tion and supply more than half of the world’s caloric intake, serving as staple foods across
numerous cultures [41-43]. Wheat is essential in temperate regions, rice is a staple in Asian
diets, and corn is important across the Americas and Africa. With population growth and
changing diets, global demand for cereal grains continues to increase. Wheat serves as a
major food source cultivated across a range of climates, from temperate to subtropical
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regions, with China, India, Russia, and the United States being leading producers [41].
However, diseases such as rust, septoria, powdery mildew, and Fusarium head blight are
prevalent and pose substantial threats to wheat production [44,45]. The most common
diseases affecting rice include bacterial blight, leaf blast, brown spot, and tungro [46].
Corn, also known as maize, is an important cereal crop worldwide, serving as a staple
food for numerous populations and utilized in diverse ways, including human consump-
tion, livestock feed, and industrial uses like maize syrup and biofuel production [47]. Nu-
merous diseases can impact the growth and productivity of corn crops. Such diseases in-
clude leaf blight, maize rust, maize leaf Cercospora leaf spot also known as gray leaf spot
and maize mildew, amongst many others.

Advancements in imaging, IP, ML, and DL are enabling more accurate and timely
crop disease detection, supporting sustainable farming practices. Table 1 examines case
studies that illustrate application of these advanced detection techniques across various
crops, highlighting the potential for technology-driven approaches to mitigate the impact
of crop diseases effectively. It should be noted that out of the papers analyzed in this
study, 55 papers are reported in this section. The selection of these papers was based on
studies where authors collected and presented field data. Studies which utilized data from
online repositories were not considered in this section.

Table 1. Summary of crop disease detection case studies.

Reference Crop/Plant Disease Country/Region Approach
[12] Sucar beet Leaf spot disease (Cer- Turke Image processing and
& cospora beticola Sacc.) Y deep learning
Late blight, gray spot, Image processing and
4 T 1
48] omato and bacterial canker Nepa Deep learning
[49] Banana Blaciif:tsi)iiliﬂz dba- Tunisia Deep learning
Mites, canker, mosaic
Cassava, citrus, corn, of citrus, scab, south-
[50] cotton, soybean, wheat, ern corn leaf blight, Brazil Deep learning
grapevines areolate mildew, and
others
hine 1 i
[51] Wheat Wheat leaf rust Iran Machine carning a.nd
hyperspectral imaging
Algal spot, brown Deep learning, ma-
. i . chine learning, image
[52] Tea plants blight, gray blight, red India .
spot, and helopeltis process mg,.and RGB
imaging
[53] Pomegranate Bacterial blight disease India Im;ii}ilzclei:fnagnd
[54] Cucumber Cucumber leaf lesions China Machine learning
Stackburn, phaeo-
[55] Rice and Corn ;ﬁ:;iz:f SsI;)(())tt’ :Z:lscl)jt(:, China Deep transfer learning
ers
[56] Tomato Tomato early blight India Hybrid Deep learning
[57] Corn Northern leaf blight USA Deep learning
Gray leaf spot, north-
[58] Corn ern leaf blight, and USA Deep learning

northern leaf spot
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[59]

Tomato

Gray mold, leaf mold,
plague leaf miner, and
powdery mildew

Korea

Deep learning

[60]

Rice

Brown leaf spot, leaf
blast, sheath rot, false
smut, and bacterial
blight

India

Image processing, ma-
chine learning, and
deep learning

[61]

Tomato

Bacterial spots, early
blight, late blight, leaf
mold, septoria leaf
spot, and others

China

Deep learning

[62]

Corn, potato, and to-
mato

Cercospora leaf spot,
Northern leaf blight,
Early blight, Late
blight, and Bacterial
spot

South Africa

Deep learning, image
processing, and RGB
imaging

(63]

Apple

Alternaria leaf spot,
brown spot, mosaic,
gray spot and rust

China

Deep learning

[64]

Rice

Leaf blast disease of
rice

India

Deep learning and ma-
chine learning

[65]

Cucumber

Melon yellow spot vi-
rus and zucchini yel-
low mosaic virus

Japan

Deep learning

[66]

Apple

Scab, Alternaria, Apple
Mosaic, Marssonina
leaf blotch (MLB) and

powdery mildew

India

Deep learning

[67]

Corn

Blight, sugarcane mo-
saic virus, and leaf spot

Pakistan

Deep learning

[68]

Potato

Potato early blight, late

blight, blackleg, potato

virus Y and potato cyst
nematode

India

Deep learning

[69]

Rice

Rice blast, rice false
smut, rice brown spot,
rice bakanae disease,
rice sheath blight, and
others

China

Deep learning

[7]

Cucumber

Anthracnose, downy
mildew, powdery mil-
dew, and target leaf
spots

China

Deep learning

[70]

Potato

Potato Verticillium wilt
(PVw) and potato leaf
roll (PLR)

Pakistan

Deep learning

(71]

Mung bean

Cercospora leaf spot
and powdery mildew

India

Deep transfer learning

[72]

Corn, tomato, and po-
tato

Corn common rust, to-
mato bacterial spot,
and potato early blight

USA

Image processing and
deep learning
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Charcoal rot disease in

Deep learning and hy-

[21] Soybean USA ‘ .
soybean stem perspectral imaging
Powdery mildew, Image processing and
[73] Vine black rot, and downy Greece & P g
mildew machine learning
. . Deep transfer learning,
Bacterial blight, blast, machine learning. im-
[74] Rice brown spot, and tun-  India and Thailand ) &
o age processing, and
& thermal imaging
Septoria tritici, Puc-
Wheat, barley, corn, cinia striiformis, . .
[75] rice, and rapeseed Phoma lingam, and Spain and Germany Deep learning
others
[76] Wheat Septoria, :Ialr;tspot, and Spain and Germany Deep learning
Bacterial leaf blight, Image drocessing and
[77] Rice brown spot, and leaf India & p g
smut machine learning
Circosp;ii lleaf spot, Deep learning, image
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Figure 4 provides an insightful overview of various crops studied in the past decade
alongside the techniques employed for disease detection from the studies reported in this
section. Figure 4a captures the range of crops, showing a particular focus on staple crops
such as potato, wheat, rice, and corn evident by their percentage distributions of 5%, 7%,
8%, and 11%, respectively, which is more significant compared to other crops studied
within this period. This aligns with their global importance for food security. The distri-
bution also highlights increasing interest in high-value crops like tomatoes (12%), bananas
(5%), and cucumbers (10%), likely due to their economic significance and susceptibility to
various diseases. When compared to global production statistics, these distributions re-
veal certain mismatches. For example, potato, wheat and rice together account for more
than 20% of the global production of primary crops [99] yet represent only 15% of the
reviewed studies. Conversely, tomatoes and cucumbers, which occupy less than 5% of
global harvested area [99], represent over 22% of research attention. This suggests that
research focus may be disproportionately influenced by economic value, disease suscep-
tibility, or ease of imaging experiments rather than global production scale. The distribu-
tion of the techniques employed in managing crop diseases during this period is illus-
trated in Figure 4b. This distribution reveals that most of the studies conducted within
this time frame have deployed only DL models in the management of diseases as given
by its percentage distribution of 56%. The combination of DL and IP has also seen an in-
crease in recent studies for improved detection of crop diseases. These techniques offer
significant improvements over traditional (manual) methods, providing faster and more
accurate disease diagnostics.
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Figure 4. (a) The distribution of crops studied for diseases between 2015 and 2025; (b) The distribu-
tion of techniques employed in the study of crop diseases between 2015 and 2025.

Figure 5 illustrates the geographic distribution of research efforts in crop disease de-
tection based on the reviewed case studies. The analysis reveals that India (24.6%), China
(15.4%), and the United States (12.3%) collectively account for more than half of the studies
analyzed, indicating their leading research engagement in this field. Other notable con-
tributors include Pakistan (7.7%) and several European and African countries with
smaller shares. While this distribution reflects strong technological capacity and research
infrastructure in these major agricultural economies, it does not necessarily represent their
actual contribution to global crop production. According to FAOSTAT [99], India, China,
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China 15.4%

and the United States are also among the top global producers of major primary crops such as
wheat, rice, and maize, underscoring their vested interest in advancing disease detection tech-
nologies to safeguard yields. However, the limited representation of countries in Africa and
South America highlights a regional imbalance in research activity, likely influenced by dis-
parities in funding, technological accessibility, and institutional capacity. This suggests a con-
tinued need for broader international collaboration and investment to ensure that emerging
disease detection technologies benefit global agriculture equitably.

Nepal 1.5

Brazil 1.

Korea 1.5%
South Africa 1.5%
Japan 1.5%

Other 24% Greece 1.5%

Tanzania 1.5%
Australia 1.

Benin 1.5%

Bangladesh 1.5%

Figure 5. Geographic distribution of reviewed crop disease detection studies by country. India,
China, and the United States account for the largest share of research activity, consistent with their

roles as leading global producers of major crops, as reported by FAOSTAT.

4. Sensors and Platforms Used for Crop Disease Detection

Advancements in sophisticated optical sensors and robotic platforms have signifi-
cantly broadened researchers’ understanding of crop diseases, thereby improving the
ability to evaluate them effectively. These sensors, including RGB, spectral, visible
shortwave infrared (VIS-SWIR), thermal imaging, and light detection and ranging (Li-
DAR) systems, provide essential data for monitoring and identifying crop diseases. By
deploying these sensors across different platforms, multimodal and multiscale data meas-
urement systems can be developed. Notably, appropriate systems are crucial for accurate
crop disease monitoring [100,101]. Depending on specific spatial and spectral resolution,
and accuracy required for different tasks, observation platforms (Figure 6) are employed
across diverse environments, ranging from laboratory settings such as indoor optical
measurement and stereoscopic microscopes to field setups like robots, UGVs, and fixed
rail systems, low-altitude platforms such as UAVs and helicopters, and spaceborne plat-
forms including satellites and space shuttles. Hence, enabling researchers to monitor crop
diseases at leaf, canopy, and regional scales. The following subsections discuss various
platforms used for monitoring and detecting crop diseases.
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Figure 6. Sensors and platforms deployed for monitoring and detecting crop diseases: (a) benchtop
laboratory setup; (b) UAV for low altitude monitoring and detection; (¢) UGV for ground based in-

row or in-canopy monitoring and detection.

4.1. Handheld Biosensors and Laboratory Setups

Handheld biosensors/analyzers have emerged as powerful tools for rapid, on-site
plant disease diagnostics, offering portability, ease of use, and cost-effectiveness com-
pared to complex imaging or laboratory-based systems. Recent developments in
handheld biosensors have broadened their potential by integrating advanced nanomateri-
als, microfluidics, and smartphone-based readouts to create compact diagnostic systems
[38]. These devices are particularly suited for field applications where rapid, real-time de-
cisions are needed, bridging the gap between laboratory precision and practical on-farm
disease monitoring. A notable advantage of handheld biosensors is their ability to detect
plant pathogens with high sensitivity at the point-of-care, eliminating the delays associ-
ated with sample transport and centralized testing facilities. For instance, lateral flow im-
munoassays (LFIA), handheld electrochemical biosensors, and microfluidic paper-based
devices have shown promise for detecting a wide range of pathogens directly in the field
[38]. Smartphone-assisted platforms further enhance accessibility by enabling real-time
data visualization, geotagging, and wireless transmission of results, making them suitable
for integration into digital crop protection frameworks. In practical terms, handheld
SPAD chlorophyll meters [102], portable Raman and FTIR spectrometers [103], and com-
pact qPCR devices [104] represent examples of handheld tools already being deployed in
crop health monitoring (Figure 7). These advances suggest a paradigm shift towards de-
centralized, farmer-accessible diagnostic solutions.

While handheld systems provide portability and rapid results, they face challenges
related to sensitivity, specificity under field conditions, and potential interference from
environmental factors such as temperature, humidity, and dust. Ensuring robustness,
user-friendliness, and cost-efficiency remains crucial for their large-scale adoption. Nev-
ertheless, their growing integration with Al-based decision support systems and Internet-
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of-Things (IoT) networks underscores their importance as scalable components of preci-
sion agriculture and digital crop disease management strategies [38]. Using these plat-
forms, researchers can perform analyses at leaf, individual plant, and experimental shed
scales under tightly controlled conditions, allowing for high-precision assessments of crop
diseases [105]. These tools are specifically used to monitor spectral changes over time to
track disease progression. Some researchers have developed and evaluated handheld de-
vices used for assessing crop health status. Wang et al. [106] introduced LeafSpec, a port-
able and low-cost HSI device designed for accurate corn leaf phenotyping. Using a push-
broom HSI camera and touch-based sliding imaging, LeafSpec minimizes noise factors
like ambient light and imaging angle. Field and greenhouse tests demonstrated its ability
to predict nitrogen content (R? = 0.880) and relative water content (R* = 0.771), outper-
forming traditional systems in measurement accuracy. Kumari et al. [107] developed a
handheld spectral sensor-based device for real-time detection and severity estimation of
groundnut bud necrosis virus (GBNV) in tomato plants. Using spectral analysis and a
decision tree (DT) ML model, the device achieved high accuracy (93.65%) in classifying
disease severity across growth stages. Similarly, Hussain et al. [108] developed a single-
tube detection method based on recombinase polymerase amplification combined with
CRISPR/Cas12a (Bc-RPA/Casl2a) to detect Botrytis cinerea, a major plant pathogen re-
sponsible for gray mold in sweet cherry. Experimental results showed that the Bc-
RPA/Cas12a assay demonstrated high specificity and sensitivity, with no cross-reactivity
to non-target pathogens. Overall, handheld biosensors represent a critical step toward
practical, field-ready solutions that complement laboratory diagnostics in precision crop

protection.

Figure 7. Examples of handheld tools used for crop health monitoring: (a) SPAD 502 chlorophyll
meter [102]; (b) BRAVO handheld Raman spectrometer [103]; (c) compact qPCR device (Aurora) [104].

While laboratory platforms provide accurate disease analysis, their measurement
throughput is limited, making them more suitable for fundamental research within labor-
atory settings [105]. Disease detection at the tissue scale is limited to laboratory settings,
where advanced hyperspectral microscope systems are used. Laboratories offer the most
stable conditions for hyperspectral experiments, minimizing the risk of data interferences
from ambient conditions such as humidity, temperature, light intensity and direction,
thereby eliminating the impacts on outcomes. Measurements at the single plant and can-
opy levels can be conducted in laboratories, greenhouses, and field settings. Field environ-
ments support large-scale applications, whereas greenhouse studies provide a controlled
environment with the advantage of high-throughput experimental capability [105].

Despite their growing utility, handheld biosensors and laboratory setups still face
limitations that hinder widespread deployment. Many handheld devices suffer from re-
duced reliability when used across diverse crops, pathogens, or environmental condi-
tions, making their calibration and standardization challenging. Frequent recalibration
and operator training are often required, which may reduce ease of adoption by farmers.
Laboratory-based platforms, while highly accurate, are constrained by low throughput,
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high costs, and limited scalability to large production systems. Furthermore, most
handheld and lab-based systems remain point-based measurements, restricting their ca-
pacity to provide spatially comprehensive disease maps at field scale. Overcoming these
limitations may involve integration of handheld sensors with mobile platforms for multi-
scale monitoring, improving sensor robustness through adaptive Al calibration models,
and promoting low-cost, user-friendly designs tailored to resource-limited agriculture.

4.2. Smartphones and Mobile Apps

Smartphones have become valuable tools in enhancing the accessibility and ease of
plant disease detection. A range of mobile applications now utilize smartphone RGB cam-
eras paired with DL models to identify plant infections [109,110]. These tools offer faster
diagnosis, lower costs, and reduced reliance on expert knowledge. Notable examples in-
clude Plantix, Nuru, Agrio, and Crop Doctor, which have recently gained traction for their
practical field use [109,110]. These apps integrate technologies like image processing, Al,
ML, and DL to improve diagnostic capabilities [111]. Supported by extensive image data-
bases of plant species and associated diseases, they offer a precise and comprehensive
approach to plant disease management [112]. Siddiqua et al. [113] assessed several mobile
applications for plant disease detection, including “Plantix,” highlighting the current ca-
pabilities of Al technologies in agriculture. Their findings revealed notable deficiencies in
the accuracy and dependability on many existing tools, underlining the necessity for fur-
ther refinement and robust validation to ensure real-world applicability. ViT-SmartAgri,
a Vision Transformer-based model, exemplifies progress in this area by utilizing
smartphone cameras to capture and analyze leaf images, delivering rapid diagnostic re-
sults for diseases such as late blight and mosaic virus [38].

A major limitation with these apps is restricted robustness of imagery data where
most images based on which the models are trained are acquired from sample leaves col-
lected from the field and imaged under controlled laboratory conditions. As a result, per-
formance of these apps often declines when confronted with the complex real farm envi-
ronments, where variable lighting, occlusion from overlapping leaves, dust, and back-
ground noise can affect image quality [38]. Moreover, many apps are limited in their abil-
ity to detect early or asymptomatic infections, where visual symptoms are either subtle or
absent, thereby reducing their practical effectiveness for timely disease management.

To overcome these limitations, future developments must prioritize building large-
scale, diverse, and well-annotated field-derived image databases that capture the varia-
bility of real-world conditions. Integration with complementary sensing technologies,
such as portable biosensors, and coupling with Al-driven decision support systems may
also enhance robustness and reliability [38]. Addressing these challenges will be crucial to
move beyond proof-of-concept applications and achieve scalable, farmer-friendly solu-
tions. In summary, while smartphone apps hold considerable promise for democratizing
plant disease diagnostics, their current limitations highlight the need for continuous re-
finement, stronger validation, and integration with broader digital agriculture frame-
works to ensure consistent and reliable performance in real-world farming systems.

4.3. Unoccupied Aerial Vehicles

UAVs, commonly known as drones, are aerial platforms capable of operating with-
out a human pilot on board. Figure 8 shows the two types of UAVs commonly used in
agriculture. These UAVs can either be remotely controlled from afar or autonomously
complete planned flight/survey missions using global positioning system (GPS) or Al-
powered navigation systems and ground control software. The adoption of agricultural
UAVs represents a major advancement in precision agriculture as they are among the
most widely used tools for detecting crop diseases. Compared to spaceborne sensors like
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satellites, which are used for regional scale monitoring, UAVs offer plant to field-scale
assessments at lower operating costs and greater flexibility for real-time/on-demand data
acquisition, providing notable advantages over satellite platforms [101,114]. UAVs effec-
tively meet the demands for both high spatial/spectral resolution and high throughput.
Their mobility and affordability have made them one of the most popular platforms for
crop disease detection over the recent decades. UAVs have significantly improved agri-
cultural monitoring at the plot level, including the detection of plant diseases. Equipped
with various cameras, UAVs can be deployed in the field to capture images, which are
then processed with several algorithms or techniques for rapid and accurate crop health
monitoring. As a result, UAVs are increasingly popular, as their spectral sensing capabil-
ities provide essential data on soil and the upper plant canopy across a broad spectrum.

UAV-based disease detection is founded on identifying changes in plants’ optical
properties using imaging or non-imaging type sensors, essentially for detecting physio-
logical shifts in plants influenced by biotic or abiotic stress, transpiration rates, morphol-
ogy, plant density, and variations in solar radiation among plants. This approach enables
timely and accurate field-level detection at a much high-throughput rate compared to
handheld systems, thereby enhancing disease management capabilities through targeted
fungicide applications [115,116]. For the goal of plant disease detection, using UAVs with
traditional ML and DL models has seen significant advancement in recent years.

Backpropagation Neural Networks (BPNN) were among the first models used to an-
alyze spectral data from hyperspectral images of tomato plants, estimating infection se-
verity on leaves. A five-stage rating system was implemented to assess the severity of light
blight in these images, allowing for the evaluation of BPNN's effectiveness with this data.
The results confirmed the potential of using ANN with backpropagation for spectral pre-
dictions in disease diagnosis. Similarly, Al-Saddik et al. [117] employed the Classification
and Regression Tree model to detect leafroll disease, based on an analysis of hyperspectral
images of grapevine captured by UAVs.

A study by Pande & Moharir [118] utilized high-resolution aerial imaging with UAVs
to detect Huanglongbing (HLB), also known as citrus greening disease. By adjusting the
flying altitude, a multi-band imaging sensor on the UAVs captured images at the required
resolution. The UAV-based sensor data were then compared with those from aircraft-
based sensors, which offered lower spatial resolution. The data included seven vegetation
indices (VIs) and six spectral bands ranging from 530 to 900 nm. Regression analysis
helped extract relevant features from both UAV- and aircraft-based spectral images,
demonstrating that high-resolution aerial sensing is an effective method for identifying
HLB-infected citrus trees.

UAVs are also employed to monitor physiological stress and disease outbreaks in
forest trees. In a study by Dash et al. [119], UAVs were used to observe disease in mature
Pinus radiata. A time-series multi-spectral camera, mounted on UAVs, conducted flights
over a pine forest area treated with herbicide at regular intervals. Concurrently, a tradi-
tional field-based experiment assessed crown and needle discoloration. The findings
showed that multi-spectral UAV imagery was highly effective in detecting early physio-
logical stress in mature pine trees, particularly through the red edge and near-infrared
bands. Additionally, NDVI proved to be a valuable vegetation index for tracking discol-
oration resulting from physiological stress over time.

Zhang et al. [120] developed DL-based computer vision models for detecting yellow
rust disease to mitigate its impact. Using MSI data from a UAV platform, they proposed
a novel semantic segmentation technique, adapted from the U-Net model, to identify ar-
eas of wheat crops affected by yellow rust. This enhanced U-Net model, named Ir-Unet,
incorporates three key modules: the Irregular Encoder Module (IEM), Irregular Decoder
Module (IDM), and Content-aware Channel Re-weight Module (CCRM). The study also
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examined how different input data formats influenced the model’s accuracy in detecting
yellow rust-infected wheat. Their Ir-Unet model achieved a superior Fl-score of 96.97%,
outperforming the results of Su et al. [121], who reported an F1-score of 92% using all five
bands from the RedEdge MSI camera. This accuracy was further improved by incorporat-
ing both the raw bands and various measurements of Selected Vegetation Indices (SVIs).

Liu et al. [122] proposed a BPNN model to monitor Fusarium Head Blight through
HS], finding it to be more effective than both SVM and RF models, with an overall accu-
racy of 98%. In another study, Huang et al. [123] targeted Helminthosporium Leaf Blotch
Disease (HLBD) in wheat using RGB images from UAVs, recommending a CNN model
based on LeNet to classify HLBD by disease stage. This CNN model achieved a higher
accuracy of 91.43% compared to the set of methods and the SVM model. Stewart et al.
[124] utilized low-altitude aerial RGB images and employed an instance segmentation
technique (Mask R-CNN) to detect Northern Leaf Blight (NLB) disease. Their approach
reached an average accuracy of 96% in identifying and segmenting individual lesions.

Despite their wide adoption, UAV-based platforms face limitations that constrain
their full potential for crop disease detection. Restricted flight time, payload capacity, and
dependence on weather conditions (e.g., wind, rain, cloud cover) limit their ability to pro-
vide consistent, long-duration monitoring. Additionally, UAVs are primarily effective for
capturing canopy-level information, making it difficult to assess below-canopy plant parts
where several diseases initially develop. Regulations on UAV flights, particularly in
densely populated or restricted agricultural zones, further add to operational challenges.
In contrast, proximal sensing platforms such as UGVs are better suited for capturing high-
resolution, close-range data from lower canopy layers or under dense foliage, comple-
menting UAV-based aerial imaging. Therefore, integration of UAVs with UGVs and adap-
tive Al-driven data fusion models may help overcome these challenges by combining
broad spatial coverage with fine-scale, below-canopy disease monitoring.

(b)

Figure 8. Two commonly used UAV types in agriculture: (a) multi rotor UAV; (b) fixed wing UAV
(Humpback Whale 360 VTOL fixed wing UAV, Dstechuas) [125].

4.4. Unoccupied Ground Vehicles

UGV is a ground-based vehicle that operates without a human onboard and is re-
motely controlled, serving as the terrestrial counterpart to UAVs. UGVs are intelligent
systems that incorporate capabilities such as environmental perception, localization, nav-
igation, route planning, decision-making, and motion control. These vehicles integrate ad-
vanced technologies, including computer science, data fusion, computer vision, and deep
learning, to fulfill practical needs and achieve predetermined objectives [126,127]. UGVs
typically consist of a mobile frame, robotic arms, end effectors, and environmental sensing
systems, with their design tailored to specific operations [128]. Depending on terrain con-
ditions, UGVs for agricultural applications typically deploy wheel-type or track/crawler-
type configurations, as illustrated in Figure 9. Environmental perception is a critical
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technology for UGVs, encompassing both external environment recognition and vehicle
state estimation. A high-precision environmental perception system is essential for ensur-
ing safe operation and efficient task performance. To achieve this, UGVs rely on various sen-
sors, such as LIDAR, monocular cameras, and millimeter-wave radar, which provide environ-
mental data inputs for planning, decision-making, and motion control systems [129].

UGVs serve as field platforms and are commonly utilized for small-scale analyses.
While field platforms share some similarities with laboratory platforms in certain appli-
cations and working conditions, they stand out for maintaining the high spatial resolution
of laboratory platforms while significantly enhancing measurement throughput due to
being mobile, making them more practical for real-world applications. UGVs are increas-
ingly used in precision agriculture for disease detection [130]. Observing diseases in the
upper canopy often indicates that the infection has already spread upward, potentially
reflecting a delayed management response. Diagnosing diseases from beneath the crop
canopy using UGVs can facilitate early detection when diseases are still in their initial
stages. However, UGVs face limitations, including poor signal coverage, latency issues
under closed crop canopies, and limited battery life during extensive field scouting across
crop rows. Nonetheless, UGVs offer an efficient means of generating systematic agrome-
teorological datasets using onboard sensors to measure parameters such as temperature,
humidity, and more. These measurements can inform risk models that predict the likeli-
hood and severity of future weather-related challenges in agriculture [131]. Notably,
UGVs enable continuous operation, including nighttime monitoring, regardless of
weather conditions, labor availability, or holidays.

Numerous studies have explored the use of UGVs in detecting crop diseases.
Mahmud et al. [132] examined how robots are applied to field tasks like planting, spray-
ing, and harvesting, with a particular focus on crop inspection. They introduced computer
vision and ML as essential technologies for the early identification of diseases in both
greenhouses and open fields. The authors also provided a comprehensive list of vision
schemes used in target detection, outlining their respective functions, benefits, and draw-
backs. Menendez-Aponte et al. [133] proposed a collaborative system that integrates aerial
and ground robots for identifying diseases in strawberries.

A hybrid UAS-UGV disease management system for corn to detect diseases above
and below the canopy using DL was proposed by Ahmad et al. [130]. The UAS captures
images from above the canopy, identifying diseases like Gray Leaf Spot (GLS) and North-
ern Leaf Blight (NLB), while the UGV, equipped with sensors, navigates rows to capture
images below the canopy, targeting diseases on lower leaves. The system employs
YOLOvV7 models to detect disease symptoms, with GPS coordinates tagged for each de-
tection, which are then uploaded to a Google Spreadsheet for real-time disease monitor-
ing. Results showed that the UGV achieved higher accuracy (46.4% mAP@IoU = 0.5) than
the UAS (37.6%), suggesting that below-canopy detection is more reliable for early disease
diagnosis. This combined approach enhances early and accurate disease management by
allowing targeted interventions based on real-time disease data.

In 2021, the robot Icaro X4 was developed by Free Green Nature in Italy as a hybrid
UV-C radiation treatment technology for vineyards. Designed to combat diseases, partic-
ularly downy mildew and powdery mildew, the robot uses adaptable side panels with
UV-C emitters that sterilize fungal pathogens on leaf surfaces. This treatment not only
devitalizes surface fungi but also triggers the plant’s natural defenses, helping limit path-
ogenic spread with fewer chemical applications. While UV radiation is highly effective
against powdery mildew, its efficacy for downy mildew is moderate due to the fungus’s
deeper penetration, yet it remains valuable in reducing chemical treatments [134].

Sujatha et al. [135] present a UGV equipped with Al-based disease detection for
paddy crops, specifically addressing diseases like False Smut, Sheath Blight, Rice Blast,
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Leaf Scald, Brown Spot, Bacterial Leaf Blight, and Bakane. The UGV, designed for auton-
omous navigation in polyhouses, integrates sensors for monitoring environmental param-
eters and uses CNN to detect disease symptoms from images. It incorporates a Fuzzy
Logic Controller (FLC) to manage navigation across diverse terrains, facilitating efficient
data collection and decision-making in challenging conditions. Results demonstrate high
detection accuracy, with the AlexNet CNN model achieving up to 99.16% in classifying
disease severity, thus effectively aiding in precision agriculture and reducing herbicide
usage. Table 2 summarizes case studies on various sensors and platforms adopted for the
detection of diseases in agricultural fields.

While UGVs offer unique advantages for proximal sensing and below-canopy dis-
ease detection, their operation in unstructured and rough agricultural terrain presents sig-
nificant challenges. Uneven ground, dense vegetation, and muddy or waterlogged soil
can impair locomotion, reduce stability, and complicate autonomous navigation. Weak
GNSS signals under dense crop canopy also hinder localization, leading to navigation er-
rors. Battery endurance, high initial costs, and complexity of maintenance further con-
strain large-scale adoption. Additionally, relatively low field coverage speed of UGVs
compared to UAVs makes them less suited for rapid, broad-area assessments. These lim-
itations may be mitigated through adaptive locomotion systems (e.g., hybrid wheel-track
platforms), sensor fusion for robust localization (combining RTK-GPS, LiDAR, and vi-
sion), and energy-efficient modular designs. Integration of UGVs with UAVs in collabo-
rative frameworks can also compensate for scale limitations by combining UAVs’ aerial
view with UGVs’ under-canopy inspection. Together, these strategies can enhance practi-
cal deployment of UGV:s for reliable disease detection in real-world agricultural settings.

(b)

Figure 9. Two major wheel configurations of UGVs used in agriculture: (a) wheel-type UGV (Atlas
4 x 4 All Terrain Explorer Robot) [136]; (b) track/crawler-type UGV (SuperDroid HD2 Treaded ATR)
[137].

Table 2. Summary of sensors and platforms for crop disease detection.
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5. Imaging Techniques for Crop Disease Detection

Digital imaging has undergone significant evolution over time. The process began
with the introduction of 2D RGB image [22]. Subsequently, the adoption of knowledge-
based approaches, including Magnetic Resonance Imaging (MRI) and Computed
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Tomography (CT) technologies, revolutionized developmental methodologies. This was
later followed by advancements of 3D images. Early stages of analyzing digital images
utilized digital model-driven techniques, which later transitioned to advanced imaging
and computing technologies to achieve more accurate and realistic visualizations tailored
to specific needs. For identifying various plant diseases, a range of imaging sensors have
been employed to collect data, facilitating the comprehensive assessment of plants from
multiple perspectives. Such imaging techniques are utilized for detecting plant diseases,
including fluorescence imaging, thermal infrared imaging, MSI, HSI, visible light imag-
ing, and others. Additionally, 3D imaging methods are being explored alongside various
other approaches. There are several imaging techniques that have been utilized for detect-
ing plant diseases, and the following subsections provide a detailed explanation of the six
imaging techniques for crop disease detection. Figure 10 also shows a schematic of the
various imaging techniques discussed in this paper for crop disease detection.

Imaging
Techniques
For Crop
Disease
Detection

Multispectral
Imaging

Fluorescence
Imaging

Hyperspectral
Imaging

3D Imaging

VisbleLight ("
Imaging Data Analysis

(
[ Disease Detection J

Figure 10. Schematic representation of different imaging techniques used for crop disease detection.

5.1. Visible Light Imaging

Visible light imaging utilizes digital images designed to replicate human visual per-
ception, serving as a source of data for systems involved in plant phenotyping and trait-
based physiological breeding. Its most common application relies on silicon sensors, such
as CCD or CMOS arrays, which are sensitive to the visible light spectrum (400-750 nm)
and enable two-dimensional imaging. As one of the simplest imaging technologies for
plant sensing, it presents raw image data as spatial matrices of intensity values corre-
sponding to photon fluxes in red (~600 nm), green (~550 nm), and blue (~450 nm) spectral
bands. Conventional digital cameras, including RGB or CIR cameras, are widely used as
visible band cameras due to their ability to provide rapid, cost-effective measurements,
making them ideal for plant phenotyping applications.

RGB imaging involves capturing a sequence of photographs through red, green, and
blue filters. Similarly to thermography, these images can be compared over time to detect
variations in color intensity, which may result from changes in pigment transmittance
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within plants [143]. Such differences can help identify specific pathogens. Optical RGB
cameras typically operate within the 400-750 nm wavelength range, detecting changes in
visible light, though slight spectral sensitivity variations can occur across devices, includ-
ing smartphones [144,145]. These cameras are widely used in plant phenotyping due to
their affordability and the extensive availability of image processing tools.

Nonetheless, visible light imaging has several limitations that restrict its effectiveness
for early or precise disease detection. RGB sensors capture only the visible spectrum,
which means subtle biochemical and structural changes in plants often remain undetected
until visible symptoms appear, limiting early diagnosis. Furthermore, image quality is
highly sensitive to environmental factors such as lighting, shadows, and background clut-
ter, which can reduce consistency in field applications [144]. Device-dependent variability
in sensor quality (e.g., between low-cost cameras and professional imaging systems) also
affects accuracy and reproducibility [144]. These challenges may be addressed by integrat-
ing RGB imaging with MSI or HSI sensors for improved sensitivity, and by adopting Al-
driven image normalization techniques to mitigate environmental variability.

5.2. Multispectral Imaging

Spectral imaging has recently been utilized for phenotyping and non-invasive eval-
uation of crops’ physiological conditions, improving methods for detecting plant diseases
[146,147]. MSI collects data across multiple spectral bands, offering high-resolution spatial
information [148]. The Near-Infrared (NIR) spectrum is particularly valuable in plant pa-
thology due to its accuracy in detecting infected leaf areas [149]. Its ability to penetrate
deeper into plant tissues enables the identification of physiological changes indicative of
disease before visible symptoms emerge. The key distinction between MSI and HSI lies in
the range of spectral data captured. MSI records data across a limited number of discrete
bands within the electromagnetic spectrum, typically spanning visible to infrared wave-
lengths [150]. In contrast, HSI collects data across hundreds or even thousands of narrow,
contiguous spectral bands, providing significantly higher spectral resolution [151,152].
Figure 11 illustrates the differences in spectral bands captured by the two techniques. MSI
cameras are particularly effective in documenting changes from early, minimally visible
symptoms to more pronounced, late-stage disease signs, facilitating detailed disease pro-
gression analysis under controlled conditions. Such datasets are invaluable for training Al
models to detect diseases.

Compared to traditional and HSI, MSI offers notable advantages in disease detection,
including portability, simplified data processing, and lower computational costs, making
it a promising tool for crop disease monitoring in field conditions [153]. Furthermore, it
includes a red-edge (RE) band situated between the maximum red absorption and the
high reflectivity region of the near-infrared (NIR) spectrum. This band is a key spectral
feature of vegetation, marking the transition from chlorophyll absorption to cellular scat-
tering [154]. To date, UAV-based MSI has been utilized to estimate chlorophyll content,
nitrogen content, biomass, and leaf area index (LAI) [155-158]. Additionally, it has been
employed by various researchers to monitor crop diseases.

Giakoumoglou et al. [159] utilized MSI to improve the detection of gray mold caused
by Botrytis cinerea. Through controlled inoculation of cucumber leaves, they captured the
fungal spectrum across multiple wavelengths, including the near-infrared (NIR) range.
The study introduced two annotated datasets, Botrytis-detection and Botrytis-classifica-
tion, which were used in DL experiments, achieving a classification accuracy of 93% and
an Fl-score of 0.89. These results highlight the potential of MSI in advancing gray mold
detection techniques. Similarly, Fernandez et al. [160] were the first to employ close-range
MSI to detect cucumber powdery mildew on plants under real commercial conditions.
Albetis et al. [161] investigated the effectiveness of UAV-based MSI in identifying both
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symptomatic and asymptomatic grapevines. Expanding upon their earlier work [162],
they collected a more extensive dataset and evaluated 24 variables derived from this new
dataset. Among these, the red-green index (RGI) and the green-red vegetation index
(GRVI) demonstrated the highest performance.

De Silva & Brown [163] developed a novel MSI dataset using a Canon EOS 800D
camera (Canon Inc., New York, USA) outfitted with four specialized filters: BlueIR, K590,
Hot Mirror, and K850, capturing a range of infrared and visible spectrum data. The dataset
included images of five fruit plants collected under various weather conditions, with tem-
peratures ranging from 22 °C to 37 °C and exhibited diverse image counts. To identify the
most suitable CNN model for the dataset, the study evaluated three established models:
Xception, DenseNet-121, and ResNet-50V2. Among these, DenseNet-121 achieved the
highest test accuracies across most datasets, with the K850 filter performing the best,
reaching a test accuracy of 86.16%. The study also highlighted the impact of weather con-
ditions on data collection, noting that some filters were used on sunny days with clear
skies, while others were affected by rain and limited sunlight, resulting in images with
water droplets on the leaves.

Lei et al. [164] monitored the severity of yellow leaf disease in areca nuts using veg-
etation indices (VIs) such as the normalized difference vegetation index (NDVI) and nor-
malized difference red-edge index (NDRE), alongside support vector machine (SVM) and
decision tree algorithms. Rodriguez et al. [165] utilized UAV-based MSI with five ML al-
gorithms, including random forest (RF) and a linear support vector classifier, to monitor
potato late blight. Additionally, Ye et al. [166] employed artificial neural networks (ANN),
RF, and SVM classification algorithms for monitoring banana fusarium wilt using UAV-
based MSI. Collectively, these studies highlight high potential of high-resolution UAV-
based MSI in agricultural applications.

Despite its promise, MSI is constrained by its limited number of discrete bands [167],
which may overlook subtle biochemical variations compared to hyperspectral systems.
Many studies rely on vegetation indices or selected filter combinations, which, while ef-
fective, can saturate at high canopy densities and are sensitive to environmental noise
such as variable sunlight, shadows, or water droplets on leaves [168,169]. UAV-based MSI
also introduces challenges related to atmospheric conditions, flight altitude, and sensor
calibration, which can impact data consistency. Addressing these limitations requires
adaptive calibration protocols, integration of MSI data with complementary sensing mo-
dalities such as thermal or HSI, and Al-driven feature extraction methods that move be-
yond traditional vegetation indices to enhance robustness under field variability.
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Figure 11. Schematic spectral sampling and waveband composition difference between RGB, mul-

tispectral and hyperspectral imaging cameras.
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5.3. Hyperspectral Imaging

HSI is a sophisticated imaging technique designed to capture detailed spectral infor-
mation about a scene or object. Using a HSI sensor or camera, HSI captures light reflected
or emitted in numerous contiguous spectral bands, typically spanning the visible to near-
infrared regions of the electromagnetic spectrum [170]. This technology enables the iden-
tification and characterization of materials and objects that are challenging to discern with
the naked eye or traditional imaging methods [171,172]. The enhanced spectral data facil-
itates more accurate object detection, classification, and improved target identification.
HSI integrates optical spectroscopy with image analysis techniques, enabling simultane-
ous evaluation of both physiological and morphological parameters. This method cap-
tures images as a function of wavelength and generates a unique reflectance spectrum for
each pixel within an image. Additionally, HSI sensors are applied across various scales,
from laboratory analysis of plant tissues and greenhouse screening to open-field applica-
tions for detecting and identifying disease infections [105]. HSI sensors utilize high-reso-
lution optical technologies like traditional RGB cameras but with significantly enhanced
spectral resolution. Beyond capturing RGB data, HSI can analyze narrow wavebands
within the visible (VIS) electromagnetic spectrum, ranging from 400 to 700 nm, the near-
infrared (NIR) spectrum from 700 to 1000 nm, and the shortwave infrared (SWIR) spec-
trum from 1000 to 2500 nm ([24], Figure 12).
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VIS NIR SWIR MWIR  LWIR
700nm lum 2.5um 5um 8-12um 1000um
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Figure 12. Electromagnetic spectrum displaying the visible range and infrared ranges.

The narrow wavebands of HSI sensors are highly sensitive to subtle plant changes
induced by diseases, enabling differentiation between disease types and facilitating early
detection of asymptomatic conditions. HSI remote sensing, encompassing both non-im-
aging and imaging techniques, has advanced rapidly among various non-invasive meth-
ods for monitoring plant diseases and has demonstrated remarkable effectiveness in agri-
cultural research [173]. In addition to the general benefits of non-invasive remote sensing
methods, HSI can be integrated into automated systems, providing an objective approach
that significantly reduces workload [105,174,175]. Applications of HSI technologies span
from satellite-level imaging to macroscopic and molecular-level analyses, highlighting
their superiority in plant disease monitoring. The use of HIS technology in disease moni-
toring is particularly promising due to its ability to cover a spectral range of 350-2500 nm
with a continuous spectral resolution of less than 10 nm [176,177]. In practice, most hy-
perspectral imaging systems for agricultural disease monitoring operate between 350 and
2500 nm (VIS-SWIR) [176,178]. Extensions into the MWIR and LWIR (up to 12 pum) exist
but are less common [176,178]. These features make it highly effective not only for
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distinguishing diseases based on subtle variations but also for tracking and analyzing dy-
namic disease processes, especially during the latent phase before symptoms become vis-
ually apparent. A critical factor affecting the information content of HSI is the spatial res-
olution and the number of mixed pixels [105]. This is heavily influenced by the distance
between the sensor and the target object. Consequently, far-range systems, such as air-
borne or space-borne platforms, have lower spatial resolution compared to near-range or
microscopic systems. As spatial resolution decreases, the reliability for detecting individ-
ual symptoms or diseased leaves and plants also decreases, making proximal sensing plat-
forms more effective for such applications.

The benefits of HSI have significantly enhanced the feasibility of precision plant pro-
tection. Numerous studies have investigated its potential for detecting and classifying
crop diseases. Zhang et al. [179] introduced a HSI microscopic image pre-processing
framework for extracting kernels infected with Fusarium head blight (FHB). This frame-
work utilized image spectral calibration and normalization through white and dark refer-
ence images, followed by conversion to grayscale, image binarization, and threshold seg-
mentation. Couture et al. [180] employed non-imaging hyperspectral data to identify
leaves infected with the Potato Y-virus. They utilized a partial least squares-discriminant
analysis (PLS-DA) to differentiate infected leaves from healthy ones based on the full-
range spectral data, achieving a mean validation kappa of 0.73. Jin et al. [181] applied a
deep neural network (DNN) classification algorithm to HSI pixels, enabling accurate iden-
tification of Fusarium head blight (FHB) disease regions on wheat ears. More recent stud-
ies on HSI techniques reflecting the state-of-the-art in this domain are summarized below.

Ghimire et al. [182] used HSI combined with ML to identify soybean yellow mottle
mosaic virus (SYMMV) infection in soybeans at early stage. In here, soybeans were culti-
vated under two environments: EN I (virus inoculation at V3 stage) and EN II (infected
seeds). Spectral data was processed using the information gain method to select charac-
teristic wavelengths, and ML models (SVM, RF, KNN, LR) were used for classification.
Continuous wavelengths from 653 to 682 nm were identified as significant while SVM
achieved the highest accuracy (>95%), outperforming other models for disease detection,
highlighting that HSI combined with ML is effective for early, non-invasive disease detec-
tion, even in asymptomatic plants, offering a promising alternative to traditional methods.

A study by Ban et al. [183] assessed disease severity to enable early detection of let-
tuce downy mildew using HSI combined with biochemical analysis. Two experiments
were conducted: one to evaluate disease severity across 150 lettuce accessions and another
to detect early infection in susceptible cultivars. HSI captured spectral changes, and ML
models (PLS, RF, CNN) were developed for disease index (DI) and biochemical parameter
prediction. Significant negative correlations between DI and flavonoid/anthocyanin levels
were identified, with specific spectral regions and vegetation indices (e.g., PRI, ARI2)
identified as key indicators. RF and CNN models demonstrated high accuracy, and early
detection was achieved within 24 h of infection. The study provides tools for disease man-
agement and resistance breeding, emphasizing the potential of HSI in plant pathology.

Nguyen et al. [184] developed an early fungal diseases detection model for bok choy
using HSI and ML. Hyperspectral data were collected from healthy and infected plants
under controlled conditions, and various ML algorithms were tested to train detection
models. Multi-Layer Perceptron (MLP) models performed best, achieving 95.9% accuracy
and detecting fungal infections with 99% precision within 1-2 days post-inoculation, be-
fore visible symptoms appeared. Key wavelengths associated with fungal infection were
identified, particularly in the red-edge (719-728 nm) and blue (445-460 nm) regions. The
study highlights HSI as a precise tool for early disease detection, addressing challenges in
visual inspection and pathogen differentiation.
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Liu et al. [185] developed a rapid method for detecting rice blast, a destructive rice
disease. Using UAV based HSI, the researchers analyzed spectral and texture features of
rice canopies and proposed a novel MS-STNet model combining multi-scale integrator
and selective attention mechanisms. The study constructed rice blast texture indices
(RBTIs) and combined them with spectral features for disease classification. Field experi-
ments in China demonstrated that the MS-STNet model achieved high accuracy (OA =
96.98%, Kappa =96.22%) and strong robustness across different environments. Combining
spectral and texture features significantly improved classification performance, providing
a reliable approach for large-scale rice blast monitoring.

Lietal. [186] developed an efficient method for detecting yellow vein clearing disease
(YVCD) in lemons. Using HSI and a novel hybrid 3D-2D-LcNet DL architecture, the study
optimized spectral feature extraction and classification. A dataset of 522 lemon leaves was
analyzed using ML (SVM, PLS-DA) and CNN models. The hybrid 3D-2D-LcNet achieved
the highest accuracy (97.35%) while balancing computational efficiency, outperforming
traditional ML methods (accuracy up to 93.52%). The study highlighted the potential of
HSI and advanced CNN architectures for precise and scalable plant disease detection,
with the SPA-3D-2D-LcNet model offering a practical solution for field applications due
to its reduced computational demands.

HSI has proven effective in identifying fungal diseases in winter wheat plants [187],
indicating its potential for assessing stem disease expression in winter cereals. For in-
stance, HSI was used to detect head blight caused by F. culmorum in artificially inoculated
winter wheat heads at the medium milk stage, based on notable shifts in reflectance within
the 680-730 nm and 927-931 nm ranges [188]. These findings collectively highlight HSI's
potential for detecting disease expression triggered by F. pseudograminearum during early
vegetative growth. This capability is particularly advantageous for early identification of
diseases like crown rot (CR), which target stem bases and often remain asymptomatic un-
til mid to late growth stages. In the absence of visible symptoms, significant time and ef-
fort are typically required for specimen collection and visual evaluation [188].

Although HSI offers unmatched spectral detail for distinguishing diseases and de-
tecting asymptomatic infections, its practical use is constrained by high data dimension-
ality, long processing times, and expensive sensors. Field applications often suffer from
environmental variability, illumination changes, and reduced spatial resolution when
mounted on aerial platforms, which can introduce noise and mixed-pixel effects. Moreo-
ver, the large datasets demand significant storage and computational power, limiting real-
time or large-scale use. More feasible solutions include optimizing feature selection to re-
duce redundancy, developing lightweight DL models tailored for high-dimensional spec-
tral data, improving on-board preprocessing for UAV-mounted sensors, and advancing
affordable, miniaturized HSI cameras that maintain accuracy while lowering costs.

5.4. Thermal Imaging

Infrared thermal imaging operates by capturing the infrared radiation emitted from
an object’s surface. It facilitates rapid scanning of both stationary objects and dynamic
thermal patterns. Known for its high temperature sensitivity and suitability for online de-
tection, this technology has found applications in areas such as defense, electrical and
electronics, agricultural pesticide applications, seed germination rate analysis, and several
other agricultural production management domains [189,190]. Unlike MSI and HSI, ther-
mal imaging does not rely on a light source [191]. However, its accuracy is significantly
influenced by environmental and weather conditions, such as ambient temperature and
humidity [192,193]. Consequently, its performance is enhanced in controlled environ-
ments. High-end thermal cameras, however, often include real-time calibration systems
to account for variations in atmospheric conditions, improving their efficacy.
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Infrared thermography (IRT) measures plant temperature, which is linked to plant
water status, the microclimate within crop canopies, and variations in transpiration
caused by early pathogen infections. Thermographic and infrared cameras detect emitted
radiation in the thermal infrared spectrum (Figure 13), producing false-color images
where each pixel represents the temperature of the observed object. In plant science, IRT
is applicable across various temporal and spatial scales, ranging from aerial surveys to
detailed close-range analyses. Leaf temperature is strongly correlated with plant transpi-
ration, which can be influenced by various pathogens in distinct ways. While foliar path-
ogens, such as leaf spots and rusts, typically cause localized and well-defined alterations,
root pathogens like Rhizoctonia solani or Pythium spp. and systemic infections such as those
caused by Fusarium spp. often impact the transpiration rate and water movement
throughout the entire plant or specific plant organs.

Research has demonstrated the effectiveness of thermal imaging in identifying plant
diseases at early stages with high accuracy. Yang et al. [194] presented a method for the
rapid detection of diseases in tea leaves utilizing infrared thermal imaging technology.
The study by Gohad & Khan [195] explores the application of thermal imaging and CNNs
for diagnosing leaf health in grape crops. The study used thermal images captured with a
Testo 875-2i thermal camera (Testo SE & Co. KGaA, Titisee-Neustadt, Germany) in a
Nashik vineyard to identify disease infected and healthy leaves. Preprocessing involved
Otsu and binary thresholding, followed by morphological operations and watershed seg-
mentation for isolating regions of interest. A group CNN was developed for classification,
incorporating layers for feature extraction, clustering, and softmax-based categorization.
The proposed system achieved high accuracy in classifying leaf health based on tempera-
ture variations observed in thermal images. The authors emphasized the potential for ex-
tending this technique to other crops and diseases.

Zhu et al. [190] investigated thermal imaging for early detection of crop diseases,
focusing on tomato mosaic disease and wheat leaf rust. The study employed thermal im-
aging to monitor temperature variations during the incubation period following inocula-
tion. Maximum Temperature Difference (MTD) was calculated to assess continuous tem-
perature changes. Results showed that MTD for tomato mosaic disease ranged from 0.2
°Cto 1.7 °C and for wheat leaf rust from 0.4 °C to 2.0 °C, with increasing trends as the diseases
progressed. Symptoms were detected 5 days earlier for tomato mosaic and 7 days earlier for
wheat leaf rust compared to visual observation. The study concludes that combining IRT with
MTD analysis provides a feasible method for early disease detection and precise pesticide ap-
plication, offering a theoretical basis for improving crop disease management.

Mastrodimos et al. [196] investigated thermal imaging for early detection of Aspergil-
lus flavus infections in pistachios under controlled conditions. Thermal imaging detected
temperature differences between infected and healthy pistachios six hours post-inocula-
tion, earlier than fungal growth visible through RGB imaging. The study utilized Weibull
distribution to model temperature variations and fungal growth rates. Results revealed
distinct growth rates for A. flavus on pistachios compared to A. carbonarius on grapes.
While thermal imaging proved effective, RGB imaging faced challenges due to insufficient
color contrast underscoring thermal imaging’s potential for early fungal detection and the
influence of environmental and substrate-specific factors. thermal imaging offers several
benefits, including clear and intuitive visuals, rapid dynamic response, high precision,
and broad detection capabilities. By extending the observational range of the human eye
into the infrared spectrum, this technology significantly enhances sensitivity. As a result,
infrared thermal imaging holds potential for enabling early diagnosis of crop diseases.

While thermal imaging is often effective for detecting early physiological changes
linked to diseases, its limited sensitivity to external factors such as ambient temperature,
wind, and humidity, can obscure subtle pathogen-induced variations. Many methods
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depend on temperature difference thresholds or pixel-based segmentation, yet these can
produce false positives under fluctuating field conditions or canopy shading. Addition-
ally, thermal cameras with sufficient sensitivity remain expensive, restricting large-scale
adoption. Practical solutions include robust correction algorithms to normalize thermal
signals against environmental variations, incorporating reference targets in field to im-
prove calibration, and advancing lower-cost sensors with improved stability. Coupling
thermal data with automated environmental logging can also enhance reliability, allow-
ing disease-related signals to be distinguished more effectively from background noise.
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Figure 13. Thermal infrared spectrum.

5.5. Fluorescence Imaging

A plant’s metabolic status can be evaluated through artificial stimulation of its pho-
tosystems and observation of their resulting responses, with fluorescence being a critical
indicator. Fluorescence is the emission of light triggered by the absorption of shorter
wavelength radiation. In plants, the chlorophyll complex is the primary fluorescent com-
ponent. When chloroplasts are irradiated with blue or actinic light, a portion of the ab-
sorbed light is re-emitted by the chlorophyll. The ratio of re-emitted to absorbed light var-
ies based on the plant’s efficiency in metabolizing the harvested light. This fluorescence
provides a reliable measure of the plant’s capacity to assimilate actinic light [197]. Chlo-
rophyll fluorescence imaging assesses variations in fluorescence intensity across a plant’s
surface or relative to neighboring plants. Under stressful conditions, plant fluorescence
generally decreases [16]. This technique is non-invasive and non-destructive; however, it
is not confirmatory, as abiotic and biotic stresses can produce similar changes in plant
color and texture. Chlorophyll fluorescence imaging devices typically function as active
sensors, utilizing LED or laser light sources to evaluate photosynthetic electron transfer
[198]. Figure 14 illustrates a standard fluorescence imaging system setup.
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Figure 14. A standard fluorescence imaging system setup.

Fluorescence imaging is one of the primary methods for detecting diseases in leaves,
as it monitors the metabolic changes in photosynthesis, respiration, and nutrient flow that
are among the earliest processes affected during infection. Due to the high power required
for rapid illumination in modulated fluorescence, this technique is typically employed in
controlled environments. Fluorescence imaging is highly effective for crop monitoring,
enabling early stress detection and significantly reducing yield losses. The limitation of
current chlorophyll fluorescence imaging systems is the need for strict plant preparation
protocols, making it challenging to apply in typical agricultural greenhouses or field set-
tings. To address this, research has focused on deriving fluorescence parameters from sun-
induced reflectance, which shows promise for assessing plant diseases at the canopy or
field level [198]. Despite this drawback, chlorophyll fluorescence imaging offers signifi-
cant advantages by providing physiological insights into plant health, often enabling dis-
ease detection before visible symptoms appear. Whether or not this method proves viable
for field-based disease monitoring, it still remains a valuable tool for studying plant dis-
eases in controlled laboratory environments [16].

5.6. Three-Dimensional Imaging

In 2D imaging, data is captured in two dimensions, allowing differentiation based on
plant characteristics such as development, overall height, and yield estimation. However,
the necessity for 3D imaging emerges as crucial for the automatic detection of plant dis-
eases [22]. Three-dimensional imaging includes two primary representations: surface-
based and volume-based models. Surface representations provide depth details, surface
elements, and spatial coordinates of individual points. Volume representations define the
volumetric structure and include a frequency component corresponding to the model’s
coordinates. Current imaging sensor technologies for 3D plant mapping primarily include
LiDAR or laser scanner sensors, stereo vision, and time-of-flight cameras.

LiDAR is an advanced technique used for active remote sensing. LiDAR is the most
widely used and well-regarded sensor for 3D canopy reconstruction due to its robustness,
accuracy, and high resolution. It generates accurate and detailed 3D models using struc-
tured light projection and laser range scanning. However, LIDAR systems can be costly,
complex, and require longer imaging durations. Recently, advanced remote sensing tech-
nologies have been developed, such as Multispectral LIDAR (MSL) and Hyperspectral
LiDAR (HSL), which simultaneously capture both spectral and structural data [199,200].
LiDAR operates by emitting pulses across the electromagnetic spectrum, ranging from
ultraviolet to near-infrared wavelengths [201]. These pulses are directed toward Earth’s
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surface and reflected back to the LiDAR sensor. By measuring the round-trip time of each
pulse and utilizing the known speed of light, the sensor calculates elevation data and de-
termines the spatial distance between the transmitter and the reflector. The reflected laser
pulses generate point clouds, allowing LiDAR to capture information on the distance, di-
rection, and brightness of objects [201,202]. Figure 15 shows an example of point clouds
generated from LiDAR imaging for detecting diseases in plants.

LiDAR can be used to provide detailed canopy morphology data through point
clouds, which allow for the reconstruction of 3D canopy structures (Figure 15). These
structures can reveal damage or biomass loss caused by diseases or pests. For instance,
plant diseases such as sclerotinia blight in peanuts can cause significant changes in canopy
morphology, making them detectable through LiDAR sensors [203]. Analyzing temporal
LiDAR data over a crop season could help identify and assess the occurrence and impact
of such diseases. Husin et al. [204] applied ground-based LiDAR to analyze oil palm canopy
properties to assess the occurrence of basal stem rot (BSR) disease. The study classified oil
palm health levels as well as detect BSR disease, using Terrestrial Laser Scanning (TLS) tech-
nology. Their technique achieved 86.67% and 80% accuracy for healthy-unhealthy and sever-
ity-level classifications, respectively. This novel approach enables early detection of BSR and
provides a high-resolution, non-invasive method for oil palm health monitoring.

Although 3D imaging offers detailed structural insights for detecting disease-related
canopy changes, its use is hindered by the high cost and complexity of LiDAR systems,
long data acquisition times, and the substantial expertise required for processing large
point cloud datasets. Methods such as temporal canopy monitoring can be powerful, but
they are sensitive to environmental noise, plant movement from wind, and occlusions
within dense canopies, which can reduce accuracy. In addition, integration with other re-
mote sensing data is often computationally demanding, limiting scalability for large
fields. More practical solutions include improving methods to reduce occlusion effects in
dense crop canopies, developing noise-robust algorithms that can account for plant move-
ment caused by wind, and standardizing calibration protocols to ensure consistent results
across different field conditions. Advances in automated point cloud annotation and dis-
ease-specific feature extraction would also help translate raw 3D data into actionable in-
sights, while integrating temporal 3D datasets into disease progression models could im-
prove early detection and monitoring without excessive manual intervention.

Figure 15. LiDAR point clouds for analyzing physiology of chestnut trees for detecting blight dis-

ease: (a) cluster of point clouds and (b) 3D reconstructed view of the tree.

Advanced imaging technologies have proven effective in enhancing disease detec-
tion and management capabilities for precision agriculture. Table 3 summarizes
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applications and methodologies employed by these techniques for crop disease detection
and monitoring. Figure 16 shows the trend of the adoption of the various imaging tech-
niques for detecting diseases in crops over the years from 2015 to 2025, based on the pa-
pers reviewed in this study. The analysis of studies conducted from 2015 to 2025 high-
lights the evolving focus on various imaging techniques for crop disease detection. HSI
showed a significant increase in studies, peaking in 2024 with seven studies, reflecting its
growing adoption due to its ability to capture detailed spectral data. MSI demonstrated
steady interest, with the highest activity observed in 2023 (four studies), likely attributed to its
cost-effectiveness and broader accessibility. Thermal imaging had limited application, with
minimal studies, while spectroscopy, fluorescence, and RGB (visible light) imaging had the
least adoption. This trend underscores the increasing recognition of HIS and MSI as prominent
tools in plant disease monitoring, while spectroscopy, thermal, fluorescence, and RGB imag-
ing continue to provide complementary insights in specialized contexts.

Table 3. Summary of various imaging techniques for crop disease detection.
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Figure 16. Adoption trend of various imaging techniques for detecting diseases in crops over the
years from 2015 to 2025.

6. Computer Vision Techniques for Crop Disease Detection

Al has become a transformative tool for crop disease detection, leveraging DL and
CNN:s to achieve significant advancements in early disease detection and classification
[240,241]. These Al-driven models automate detection processes, providing efficient and
accurate solutions that outperform traditional manual monitoring methods, allowing for
timely interventions to minimize disease impacts on crop yields. Among Al technologies,
ML is widely used in plant pathology. ML algorithms analyze digital images to classify
plant diseases, identifying specific patterns and symptoms, which makes them particu-
larly effective for diagnosing diseases in their early stages [242]. However, traditional ML
methods rely on a feature engineering stage, where relevant data features must be manu-
ally selected and extracted —a process that is often time-intensive and requires domain
expertise [243]. In contrast, DL algorithms can automatically learn and extract features
directly from raw data, eliminating the need for manual feature engineering. This capa-
bility allows DL to detect subtle disease symptoms that traditional ML and image pro-
cessing techniques might overlook. By enabling models to learn features directly from raw
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pixel values, DL has revolutionized the approach to image identification tasks, offering
greater efficiency and accuracy.

Computer vision (CV) is another Al technology widely applied in plant pathology.
CV algorithms, including object detection and semantic segmentation, enable the identi-
fication and localization of specific regions of interest in images, such as plant leaves and
disease symptoms [244,245]. The integration of CV with Al has transformed agricultural
practices [246,247], particularly in detecting crop diseases [248,249]. Enhanced by DL tech-
niques and advanced imaging, these technologies have significantly improved the accu-
racy in differentiating healthy plants from diseased ones, enabling targeted interventions
to control disease spread [250]. Al-driven methods signify a paradigm shift in crop disease
detection, providing effective and robust solutions that contribute to agricultural sustain-
ability. These advancements simplify the disease identification process while equipping
farmers with actionable insights to enhance crop health management and strengthen re-
silience against disease outbreaks [251,252]. Figure 17 depicts the general workflow for
executing computer vision tasks. The subsequent subsections delve into the various com-
puter vision techniques employed in detecting crop diseases.

Deployment

Result/Outcome Performance Evaluation Hyperparameter Tuning Model Training

Dataset Data Preprocessing Data Augmentation Feature Extraction

v

J@

QO

Figure 17. A general workflow for computer vision applications.

6.1. Traditional Image Processing Techniques

In the dynamic field of agricultural technology, image processing has become a val-
uable tool for tackling significant challenges, particularly in the detection and manage-
ment of crop diseases. This technology is advancing rapidly, leveraging diverse tools such
as cameras and satellites to capture images for analysis [253]. These images are processed
through computer-based analysis techniques to extract meaningful information. Similarly
to its impact in other industries, traditional image processing has revolutionized agricul-
ture by simplifying the classification and detection of diseases affecting crops. Image pro-
cessing enables the identification of affected plant parts, such as leaves, and facilitates the
measurement and diagnosis of the diseased areas. It employs various techniques to en-
hance images, allowing for the extraction of valuable information [254,255]. Multiple im-
ages can be generated from a single source, and some may require modifications or en-
hancements to suit specific applications. Image processing allows for these alterations,
improving aspects such as noise reduction, color adjustments, and sharpness.
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Additionally, it supports image segmentation and feature extraction, further enabling de-
tailed analysis and application.

Detecting diseases in plant leaves requires a systematic approach involving multiple
stages [256,257]. These stages include pre-processing, segmentation (disease detection),
feature extraction, and classification. The integration of these steps enables a thorough
and efficient analysis of infected leaf images, leading to greater accuracy in disease iden-
tification and improved agricultural productivity. Image processing and ML offer a range
of techniques for each stage of this workflow, effectively supporting disease detection in
plants. Pre-processing methods include filtering, contrast-limited adaptive histogram
equalization (CLAHE), color space transformation, and image resizing. Segmentation
techniques comprise thresholding, region growing, clustering, histograms, compression,
variational methods, and the watershed algorithm. For feature extraction, approaches
such as local binary patterns (LBP), histogram of oriented gradients (HOG), speeded-up
robust features (SURF), gray-level co-occurrence matrix (GLCM), histogram features,
wavelets, and Canny edge detection, Gabor filters, and PCA are employed. Classification
methods include support vector machines (SVM), naive Bayes (NB), decision trees (DT),
k-nearest neighbors (K-NN), random forests (RF), AdaBoost, artificial neural networks
(ANN), rule-based classifiers, and fuzzy classifiers [258].

Pre-processing phase plays a crucial role in identifying diseases in plant leaves, fruits,
and stems, detecting diseased regions, analyzing the shape and color of infected areas,
and determining solutions for plant diseases [259]. This step is essential for enhancing the
contrast of input images, which are often affected by noise and poor backgrounds when
captured using sensors and cameras, thereby reducing segmentation accuracy. Pre-pro-
cessing techniques refined these raw images, transforming them into a suitable format for
subsequent analysis. Numerous studies have utilized image pre-processing methods to
prepare their data for effectively detecting abnormalities in plants. Malaisamy & Rethna-
raj [260] evaluated additive and perceptual color spaces, concluding that the HSV color
space was most effective for isolating leaf spot disease regions in groundnut plants. They
further improved segmentation results by using a non-linear noise reduction filter, specif-
ically a median filter, to minimize noise in the images. Similarly, Adem et al. [12] utilized
Luv color space transformation to enhance the accuracy of classifying disease severity in
sugar beet plant leaves. Additionally, adaptive histogram equalization was employed to
improve local contrast within image regions and to enhance edge definition.

Effective image segmentation plays a vital role in distinguishing objects from their
background, focusing on isolating regions with abnormalities. This process simplifies the
image, making it easier to analyze and enabling clear differentiation between infected and
non-infected areas. The choice of threshold is critical to the success of segmentation, as it
directly influences accuracy. Grayscale images are often used to highlight specific object
features, and a gray histogram is commonly employed to determine the optimal threshold
for segmentation [261]. Image segmentation is a foundational aspect of most image pro-
cessing and computer vision applications, serving as a key technology and a critical issue
in image analysis [262-264]. Krishnan et al. [265] demonstrated the use of image segmen-
tation techniques for identifying and classifying banana diseases. Similarly, Cui et al. [266]
introduced an innovative method for spectral-spatial hyperspectral image classification
that leveraged spatial autocorrelation within hyperspectral images. This method involved
segmenting the hyperspectral image to group pixels into homogeneous regions. Addition-
ally, Singh & Misra [90] proposed an algorithm for the automatic detection and classifica-
tion of leaf diseases, utilizing a genetic algorithm for segmentation. When tested on vari-
ous plant leaves, the algorithm produced effective results, proving valuable for early-
stage disease detection.
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Feature extraction, performed after segmentation, is a crucial step in image pro-
cessing as it involves identifying relevant attributes that characterize each class. This step
is fundamental for constructing classification or recognition models, as the accuracy and
computational efficiency of disease detection systems heavily depend on effective feature
extraction, the choice of appropriate feature descriptors, and feature selection [267]. Fea-
ture descriptors are algorithms or techniques used to generate feature vectors from plant
leaf images. Features are extracted based on segmented data and predefined datasets, em-
ploying methods such as statistical, structural, fractal, or signal processing techniques.
Commonly extracted features include shape, color, texture, size, corners, and edges,
which are essential for object recognition. Color, texture, and shape attributes of diseased
areas are widely utilized in the literature for detecting and classifying plant diseases. Var-
ious feature extraction techniques based on these attributes have been applied in plant
disease detection studies. For example, Rachmad et al. [268] used GLCM and K-Nearest
Neighbor (KNN) for feature extraction in tobacco leaf quality classification, achieving
83.33% accuracy with a neighbor value of 1, a pixel distance of 3, and 2-fold cross-valida-
tion. Gabor Filters, which analyze the frequency and orientation components of an image,
were employed to extract texture features. These filters effectively capture local texture
variations and are applied across multiple scales and orientations to create a detailed fea-
ture set [269]. Additionally, Yang et al. [270] introduced a microscopy image detection
method for rice diseases that integrates texture and shape features with a decision tree-
confusion matrix for comprehensive analysis.

The classification stage is a critical component of plant disease detection using com-
puter vision and image processing. Its effectiveness heavily relies on prior steps, including
preprocessing, segmentation of infected regions, and feature selection and extraction.
Classifiers, implemented as software routines on computational platforms, are designed
to identify specific features necessary for image categorization. The process of classifying
plant leaf images based on infections and symptoms utilizes soft computing or ML tech-
niques. Initially, a dataset of leaf images is used to train the ML classifier model, which is
then applied to classify or recognize test image sets. The classifier is expected to distin-
guish between healthy and diseased leaf images and accurately identify specific plant in-
fections [267]. Several plant disease datasets have been created to evaluate the perfor-
mance of ML classification models, which are trained to learn features extracted from
plant leaf images for predicting plant diseases. The next section provides a detailed over-
view of the various ML models used for detecting and classifying plant diseases.

While image processing has enabled early progress in crop disease detection, its ef-
fectiveness is constrained by sensitivity to variations in lighting, background clutter, and
imaging conditions, which can lead to inconsistent results in field environments. Many
segmentation and feature extraction methods also rely heavily on hand-crafted features,
making them less adaptable to new crops, diseases, or symptom variations. Furthermore,
traditional pipelines often require substantial manual tuning at each stage, limiting scala-
bility for real-time or large-scale monitoring. More practical directions include developing
adaptive pre-processing techniques that can dynamically adjust to field conditions, creat-
ing standardized open-access benchmark datasets to improve generalizability, and inte-
grating lightweight hybrid approaches that combine traditional image processing with
modern ML/DL for greater robustness without excessive computational cost.

6.2. Classical Machine Learning Techniques

ML, a branch of Al enables systems to learn and improve from experience without
explicit programming, allowing them to make autonomous decisions. ML plays a vital
role in precision agriculture, particularly in automating the analysis of visual data for ef-
fective disease management. Understanding the distinction between classification and
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regression tasks in ML is important due to the different outputs they produce. Classifica-
tion tasks provide qualitative results by categorizing inputs, such as grouping plant leaf
diseases [257,271]. In contrast, regression tasks generate numerical outputs, estimating
values based on the input data. A range of supervised ML techniques is available for dis-
ease detection, each with its strengths and limitations. Popular methods include DT, REF,
K-NN, SVM, ANN, NB, linear regression, and linear discriminant analysis (LDA) [272].
These techniques are used to develop models capable of accurately detecting and classi-
fying crop diseases. A key advantage of ML in precision agriculture is its ability to identify
diseases in their early stages. By analyzing subtle physiological changes in plants captured
through images, ML models can provide early warnings, enabling timely and effective
interventions.

ML models are trained using labeled datasets that include images of both healthy
and diseased crops. ML techniques are broadly categorized into supervised and unsuper-
vised learning [273]. Supervised methods rely on labeled datasets, while unsupervised
methods analyze unlabeled data by inferring patterns without predefined labels during
training. Additionally, semi-supervised learning combines both labeled and unlabeled
data during the training process. Through this training, ML models learn to identify spe-
cific visual indicators of various diseases, enabling accurate and automated disease detec-
tion. The literature highlights various classification methods employed for plant disease
detection, with SVM, RF, DT, K-NN, NB, and ANN being the most used approaches.
These methods are effective in learning features extracted from plant leaves to identify
diseases [274]. Additionally, a few studies have explored feature-based, fuzzy logic-based,
and vegetation index-based techniques.

The K-NN algorithm is a supervised learning method that operates on the principle
that similar or homogeneous items are located near each other [275]. It assigns a class label
to a new, unknown data point by evaluating its similarity or closeness to existing labeled
data. This similarity is typically measured by calculating the distance between two points
on a graph. An artificial neural network ANN is a statistical model inspired by the struc-
ture and functionality of the human brain. Similarly to how neurons in the brain learn
from past experiences, ANN learns from provided data to classify or predict unknown
data [276]. A typical ANN architecture consists of three layers: the input layer, hidden
layer, and output layer, each composed of multiple neurons or nodes. The input layer
receives the input data, which is passed to the subsequent hidden layer(s). The hidden
layer, considered the core of the ANN, processes the data and identifies hidden patterns
or features. There can be one or more hidden layers, depending on the complexity of the
model. The final layer, which is the output layer, takes processed data from the last hidden
layer and generates the output. SVM [277] operates by creating a decision boundary, or
hyperplane, that separates n-dimensional space into distinct classes, enabling the classifi-
cation of new data points into the appropriate categories. It relies on support vectors, or
extreme data points, to construct the hyperplane. A DT is a supervised learning algorithm
used for both classification and regression tasks, forming a tree-like structure that repre-
sents decisions and their possible outcomes. RF, an ensemble learning technique, en-
hances predictive accuracy and robustness by combining multiple DTs. Each tree inde-
pendently classifies the input data, and the final classification is determined through ma-
jority voting [243].

Numerous studies have investigated the use of ML techniques to detect and manage
crop diseases, aiming to enhance agricultural productivity. Saragih et al. [278] evaluated
and compared K-NN and a proposed Modified K-NN for identifying diseases in the
Jatropha curcas plant. The dataset, comprising 166 values, was split into 60% training and
40% testing data. The Modified K-NN algorithm varied the parameter K (multiples of 5)
to assess accuracy, with the highest classification accuracy achieved at K = 10. Similarly,
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Kumari et al. [279] applied ANN to identify and classify four types of diseases affecting
cotton and tomato plants. K-means clustering was used for segmentation, generating
three clusters, from which Gray Level Co-occurrence Matrix (GLCM) features were ex-
tracted from clusters 1 and 3. The proposed ANN-based approach achieved an accuracy
of 92.5%. Padol & Yadav [280] analyzed grape leaf images, employing K-means clustering
to extract diseased or infected regions of interest and SVM for classifying two types of
grape leaf diseases: powdery mildew and downy mildew. Their proposed approach
achieved a classification accuracy of 88.89%. Similarly, Bhatia et al. [281] developed a hy-
brid model incorporating SVM to detect powdery mildew disease in tomato plants.

The study by Ahmed et al. [282] presented a ML-based approach for detecting three
common rice leaf diseases: bacterial leaf blight, brown spot, and leaf smut. The study aims
to automate disease detection to reduce the time and labor associated with manual meth-
ods. A dataset of 480 rice leaf images was used, enhanced through image augmentation
and preprocessed using a ColorLayoutFilter for feature extraction, resulting in 35 attrib-
utes. Correlation-based feature selection reduced these to five key attributes. The authors
applied four ML algorithms: Logistic Regression, K-NN, DT, and NB. Among these, DT per-
formed the best, achieving a 97.92% accuracy on test data following 10-fold cross-validation.
The study highlights the potential of ML techniques in improving the efficiency and accuracy
of plant disease detection, offering a scalable solution for large-scale rice farming.

The study by Harakannanavar et al. [283] focused on applying ML and image pro-
cessing techniques to detect tomato leaf diseases. The objective was to automate disease
identification and provide an accurate and efficient solution for farmers. A dataset com-
prising 600 images of tomato leaves with six disorders was used. The methodology in-
volved resizing images, applying histogram equalization for enhancement, and using K-
means clustering for segmentation. Key features were extracted using Discrete Wavelet
Transform (DWT), Principal Component Analysis (PCA), and GLCM. The extracted features
were classified using SVM, K-NN, and CNN. The CNN model achieved the highest accuracy
of 99.6%, outperforming SVM (88%) and K-NN (97%). The proposed model demonstrated its
effectiveness in early disease detection, significantly reducing manual intervention.

Ahmed & Yadav [284] employed ML techniques for plant disease detection to ad-
dress agricultural productivity losses caused by diseases. The study leverages datasets of
plant images, including greyscale and texture-based images, to develop models for early
disease diagnosis. Various ML classifiers such as NB, RF, SVM, ANN, and Long Short-
Term Memory Networks (LSTM) were utilized. The methodology involved preprocessing
the datasets to enhance image quality, extracting features like texture and color using the
GLCM, and classifying plant diseases based on these features. Key performance metrics,
including accuracy, precision, recall, and F1-score, were used to evaluate the models. The
results revealed that RF and NB classifiers achieved high accuracy (97.5%) for texture-
based images, outperforming SVM (84.1%). While DL models like CNN and LSTM un-
derperformed with low accuracy due to limited datasets, they demonstrated potential for
future improvements with larger datasets. The study highlights the utility of GLCM fea-
tures in improving classification accuracy and emphasizes the importance of robust ML
models in early disease detection for enhanced agricultural outcomes.

The paper by Gali et al. [285] focused on developing an automated system for detect-
ing plant diseases using image processing and ML techniques. The objective was to ad-
dress challenges in early disease identification to improve agricultural outcomes. The pro-
posed method integrates RGB imaging and ML classifiers, including SVM, K-NN, and
CNN. The methodology includes preprocessing plant leaf images using techniques such
as Gaussian filtering, K-means clustering, and histogram equalization to enhance image
quality and isolate diseased regions. Features like texture, color, and shape are extracted
using Discrete Wavelet Transform (DWT) and GLCM. These features are then used to
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train ML classifiers. The CNN model outperformed other methods, achieving classifica-
tion accuracy between 90% and 100%. The study highlights the potential of combining
advanced ML models and image analysis techniques for reliable, efficient plant disease
detection, offering significant benefits for precision agriculture.

Classical ML approaches have proven effective for plant disease detection, yet their
reliance on hand-crafted feature extraction and domain-specific preprocessing limits
adaptability to diverse crops, disease types, and field conditions. These methods often
require carefully labeled datasets and extensive parameter tuning, which can be time-con-
suming and may reduce performance when encountering new or variable imaging sce-
narios. Additionally, small or imbalanced datasets can hinder model generalization and
increase susceptibility to overfitting. Given these challenges, DL models are particularly
valuable for automating feature extraction, eliminating the need for manual intervention.
Techniques such as data augmentation and synthetic image generation help expand train-
ing datasets, improving model generalization. Employing lightweight ensemble methods
can further enhance robustness while keeping computational demands manageable. Col-
lectively, these strategies increase the scalability and reliability of models across diverse
and heterogeneous field conditions.

6.3. Deep Learning Techniques

Al and DL-based approaches are increasingly being adopted in agricultural research
due to their capability to automatically extract deep features from image datasets, coupled
with their superior accuracy and speed compared to traditional algorithms [67,286]. Un-
like ML, DL algorithms have built-in feature extraction capabilities, making them a pop-
ular choice among researchers. CNNs are among the most widely used DL architectures,
known for their effectiveness in modeling complex processes and identifying patterns in
large datasets [35]. DL-based methods excel on autonomously identifying optimal key
points from input data, eliminating the need for manual feature selection by human ex-
perts. DL frameworks mimic the functioning of the human brain, as they learn to identify
and localize objects by observing numerous samples. This process mirrors human objects
and pattern recognition. DL architectures deliver more accurate results compared to tra-
ditional ML methods, enhancing decision-making capabilities [287]. DL is particularly
suited for applications such as image and video recognition, medical image analysis, ob-
ject detection, flow prediction [288], traffic management [289], healthcare recommenda-
tion systems [290], anomaly detection [291], disease recognition [292], weed detection
[293], soil monitoring [294], and pest identification [295,296], among others.

DL relies on extensive datasets containing hundreds or thousands of images [297]. In
plant disease identification, DL with CNN has become a prominent research focus [298],
particularly following the creation of the PlantVillage dataset in 2015 [299]. PlantVillage
remains one of the most widely used datasets for disease identification, severity estima-
tion, and the development of various management systems [300]. In recent years, addi-
tional publicly available plant disease datasets have been introduced to support DL model
training. These include the Digipathos dataset [301], the PlantDoc dataset [302], the North-
ern Leaf Blight (NLB) dataset [303], the RoCoLe coffee disease dataset [304], the rice dis-
ease dataset [77], and the cassava disease dataset [305]. Numerous studies have utilized
publicly available datasets to train DL models for identifying crop diseases and address-
ing yield reduction challenges. Additionally, some research has relied on custom datasets,
either manually or automatically collected, tailored to their specific tasks.

DL techniques commonly employed in crop disease diagnosis include using CNNs
for image classification, object detection, and semantic segmentation. Image classification
with DL is particularly popular for agricultural applications, including plant disease iden-
tification [306]. This process typically involves supervised training, where labeled image
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datasets are utilized to classify objects within images, with the softmax activation function
in the final output layer determining the most suitable class. Advancements in CNN ar-
chitectures for image classification, such as LeNet, AlexNet, ZFNet, VGGNet, GoogLeNet,
ResNet, DenseNet, CapsNet, and SENet, were highlighted in the study by [307]. While
image classification remains the most widely used application of DL in plant disease re-
search, it has limitations in identifying the precise location of disease lesions within im-
ages and detecting multiple diseases simultaneously. Object detection, on the other hand,
can locate and identify multiple instances of objects in images and videos. This approach
relies on supervised training, where images are annotated with bounding boxes to pro-
vide ground truth data for DL models. Prominent object detection algorithms include re-
gion-based CNN (R-CNN, [308], Fast R-CNN [309], Faster R-CNN [310], you look only
once (YOLO, [311], and Single Shot MultiBox Detector (SSD) [312]. Object detection based
algorithms have been widely applied in plant disease identification, with some studies
focusing on detecting entire disease-infected leaves, while others target specific disease
lesions [300]. This method shows promise for identifying multiple plant diseases in im-
ages and videos. However, objects detected within bounding boxes may include extrane-
ous information beyond the disease-specific features. Semantic segmentation offers a pre-
cise method for segmenting disease lesions, allowing the segmented areas to be extracted
as regions of interest for further analysis. This approach involves training models to seg-
ment entire objects within images, assigning a class label to each pixel based on the train-
ing data. Popular semantic segmentation algorithms include Mask R-CNN, U-Net,
Deeplab, Enet, and PSPNet. Like other supervised methods, semantic segmentation re-
quires ground truth information during training. Unlike bounding box annotations, the
annotations for semantic segmentation are more accurate as they define the exact shape
of the object, providing localized details for improved analysis.

DL models are typically trained either from scratch or using transfer learning with
pre-trained models. Training a model from scratch with high accuracy requires extensive
datasets like ImageNet [313] and MS COCO [314], which contain 3.2 million and 328,000
images, respectively [300]. Transfer learning, on the other hand, involves utilizing pre-
trained weights from models trained on similar objects before fine-tuning the model for a
specific task. Researchers often use pre-trained weights from the ImageNet dataset to en-
hance DL model performance, especially when large training datasets are unavailable
[306]. This approach has also been shown to achieve higher accuracy in plant disease iden-
tification [7,54]. DL models are typically evaluated using training, validation, and testing
accuracy, with testing accuracy serving as the key metric for evaluating a model’s ability
to identify objects across diverse datasets and conditions. Maximizing testing accuracy on
unseen data is essential to ensure robustness. Other metrics frequently used to evaluate DL
model performance include precision, recall, and F1-score for image classification; average
precision (AP) and mean average precision (mAP) for object detection; and intersection over
union (IoU) and mean intersection over union (mloU) for semantic segmentation. The F1-
score is particularly significant in studies where datasets exhibit class imbalance.

To date, numerous researchers have employed various DL architectures for diagnos-
ing plant diseases using images of diseased leaves. The study by Khan et al. [67] focused
on developing a mobile-based system for detecting and classifying maize leaf diseases
using deep learning. The primary aim was to address the challenges of low yield caused
by diseases like blight, sugarcane mosaic virus, and leaf spot. A dataset of 2675 images
was collected from a real-field environment, ensuring varied weather and lighting condi-
tions. Data augmentation techniques and expert-annotated labeling were utilized to en-
hance model performance. Models such as YOLOv3-tiny, YOLOv4, YOLOv5s, YOLOV7s,
and YOLOv8n were employed, with YOLOvV8n achieving the highest mean Average Pre-
cision (mAP) of 99.04%. This model was then integrated into a user-friendly mobile
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application, enabling real-time disease detection and tracking. This approach demon-
strated a significant step towards practical and efficient disease management in maize
crops. Yang et al. [2] introduced a mobile-based system leveraging deep transfer learning
to estimate crop disease severity using the Al Challenger and PlantVillage datasets. In this
study, a novel parallel framework integrating ResNet50 and Xception models, enhanced
through transfer learning and deep feature fusion, was proposed. Data imbalance issues
were mitigated using techniques like focal loss, achieving 88.58% accuracy on the Al Chal-
lenger dataset and 99.53% on PlantVillage.

The study by Albattah et al. [287] introduced an advanced DL framework for the
automated detection and classification of plant diseases. The proposed method employs
a customized CenterNet architecture enhanced with DenseNet-77 as a feature extractor to
improve classification accuracy and computational efficiency. The study uses the PlantVil-
lage dataset, consisting of diverse plant disease images, to evaluate the model. Through
robust feature computation and a one-stage detection approach, the framework demon-
strated improved localization and classification of 38 plant disease categories, achieving
high accuracy even under challenging conditions like variations in color, size, and noise.
This approach addresses the limitations of traditional methods and shows promise for
real-world applications in agriculture.

Kumar et al. [68] developed and tested a DL model for identifying and classifying
seven distinct potato diseases, including early blight, late blight, blackleg, potato virus Y,
potato cyst nematode, potato wart disease, and Fusarium dry rot. The model incorporates
a complex architecture featuring three convolutional layers, three max-pooling layers, and
two fully connected layers. A thorough performance evaluation demonstrated promising
results across all disease categories, achieving a weighted average Fl-score of 94.81%,
highlighting the model’s effectiveness in accurately diagnosing various potato diseases.

Divyanth et al. [58] proposed a novel two-stage semantic segmentation method for
detecting corn diseases and estimating their severity, utilizing a custom dataset of
handheld images of corn leaves captured in field conditions. The study trained three se-
mantic segmentation models—SegNet, UNet, and DeepLabV3+—for each stage. In the
first stage, semantic segmentation extracted corn leaves from complex field backgrounds,
while the second stage identified, located, and quantified disease lesions by calculating
the percentage of leaf area affected. UNet and DeepLabV3+ emerged as the best-perform-
ing architectures for leaf and lesion segmentation, achieving mwIloU scores of 0.9422 and
0.7379, respectively. The model accurately predicted the severity of gray leaf spot (GLS),
northern leaf blight (NLB), and northern leaf spot (NLS) with an overall R? value of 0.96,
demonstrating its effectiveness in disease detection and severity estimation.

Rashid et al. [315] developed a CNN-based architecture called the Multi-Model Fu-
sion Network (MMF-Net) for detecting and classifying diseases in precision agriculture,
integrating Internet of Things (IoT) technology. MMF-Net combines multi-contextual fea-
tures through RL-block and PL-blocks 1 and 2, effectively merging multiple model
streams trained on diverse datasets. The RL-block processes coarse-grained images to cap-
ture local spatial context, while PL-block 1 expands the perceptual area to extract fine-
grained global context. PL-block 2 incorporates real-world environmental parameters as
features. These features are merged using an ensemble of classifiers at the decision level,
employing an adaptive majority voting scheme to generate the final decision probability
score. Experimental results demonstrated that MMF-Net with fused features outper-
formed the non-fused approach, achieving an impressive 99.23% overall accuracy in rec-
ognizing corn leaf diseases.

Al-Shahari et al. [316] proposed an automated Plant Disease Detection and Crop
Management system, called APDDCM-SHODL, utilizing a spotted hyena optimizer with
DL for sustainable agriculture. This approach is designed to detect plant diseases and
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enhance crop productivity within an IoT-enabled infrastructure. The method employs the
Vector Median Filter (VMF) for preprocessing, DenseNet201 for feature extraction, and
the Spotted Hyena Optimizer (SHO) for optimal hyperparameter tuning of the Dense-
Net201 model. For classification, the system uses a recurrent spiking neural network
(RSNN). Experimental results demonstrated that the APDDCM-SHODL technique out-
performed existing methods, achieving a top accuracy of 98.60%. The study highlights the
system’s ability to enable real-time plant health monitoring via interconnected sensors,
leveraging DL for swift disease detection and diagnosis. The above studies demonstrate
the strength of DL in effective diagnosis of plant health, thereby promoting sustainable
agricultural practices and enhancing agricultural productivity. Table 4 summarizes major
studies on computer vision for plant disease diagnosis from 2015 to 2025.

DL has significantly advanced crop disease detection by automating feature extrac-
tion and achieving high accuracy. However, several challenges persist in the techniques
employed. Image classification models, while highly effective for identifying diseased
leaves, often struggle with precise lesion localization and multi-disease detection within
a single image. Object detection techniques can address this but may include extraneous
background information within bounding boxes, reducing feature specificity. Semantic
segmentation offers improved lesion localization but requires labor-intensive pixel-level
annotations, which are time-consuming and dataset-dependent. Transfer learning miti-
gates the need for large datasets, yet models trained on generic datasets may underper-
form under diverse field conditions due to variations in lighting, occlusion, and back-
ground complexity. Additionally, multi-stream or multi-context architectures that inte-
grate multiple feature types enhance performance but increase model complexity and
computational demands, posing challenges for real-time deployment on resource-limited
devices. Addressing these limitations through optimized annotation strategies, light-
weight architectures, and robust feature fusion can improve practical applicability and
scalability of DL in heterogeneous agricultural environments.

Table 4. Summary of major studies that utilized computer vision techniques for crop disease diag-
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7. Edge Computing and Internet of Things (IoT) for Crop Diagnosis

Transformative technologies for agriculture include the Internet of Things (IoT), 5G
cellular technology, cloud computing, and edge computing [325]. Edge computing in-
volves shifting data storage and processing tasks from centralized servers to the edge of
the network, closer to end-user devices. This approach minimizes data transfer duration,
response latency, and alleviates network bandwidth congestion. Additionally, localized
processing at the edge lowers data transmission costs [326]. Edge computing offers a
promising solution to address the high latency challenges associated with cloud compu-
ting [327,328]. IoT-enabled smart agriculture systems have utilized various wired and
wireless technologies, integrating sensors, controllers, and communication tools. This in-
tegration facilitates the creation of cost-effective infrastructures for intelligent agriculture.

The integration of edge computing with 5G-enabled IoT offers significant potential
to transform agricultural applications [329]. This combination delivers low-latency, high-
bandwidth, and real-time capabilities, making it ideal for latency-sensitive smart farming
applications [330]. By merging IoT, Al, and edge computing, IoT-enabled technologies
have advanced the development of smart agriculture systems capable of real-time
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monitoring, capturing, and analyzing crop information. These systems support early dis-
ease prevention, improved soil monitoring, and efficient crop management. Al enhances
the production process by improving crop quality, reducing costs, and minimizing waste.
Crop disease identification remains one of the most challenging tasks in smart agriculture,
where edge computing plays a vital role. Advanced edge-enabled UAVs, ground vehicles,
and imaging systems conduct localized, real-time image analysis of large fields, identify-
ing diseases and pest problems without relying on cloud uploads. This ensures rapid de-
tection and intervention, safeguarding crop health and quality.

Few studies have investigated the potential of edge computing for crop monitoring
and disease diagnosis, with key findings summarized as follows. A model called Deep
Leaf, designed for timely detection of coffee plant diseases to prevent their spread, was
introduced by De Vita et al. [331]. This edge computing-based detector targets major biotic
stresses affecting crops. It employs a dynamic compression algorithm using K-means to
reduce the CNN model’s footprint, enabling it to operate on devices with limited hard-
ware capabilities. Similarly, the study by Gu et al. [332] proposed an IoT monitoring
framework for identifying tomato diseases. Initially, a pretraining model was developed
on the cloud using VGG networks. To adapt the model for embedded mobile platforms,
a depth-wise separable convolutional network was utilized to minimize parameters and
optimize the feature extractor. Experimental results demonstrated that the framework ac-
curately detects crop diseases in less time. Zhang & Li [333] proposed an edge computing-
based adaptive sensing strategy for the crop life cycle. Using Gath—Geva fuzzy cluster-
ing, crop growth stages are divided for sensing nodes, while data-driven algorithms op-
timize key parameters by reducing redundancy and improving data correlations. A neu-
ral network model is then applied to predict crop growth stages.

8. Economic Feasibility, Accessibility, and Recommendations
for Emerging End-to-End Solutions for Crop Disease Diagnosis

Technologies for crop disease diagnosis (sensors such as RGB, multispectral, hyper-
spectral, thermal and LiDAR; platforms such as UAVs, UGVs, handheld devices and lab
platforms; and computational options from edge devices to cloud servers) offer strong
technical capability but present a wide range of economic and accessibility trade-offs that
shape real-world adoption. High capital expenditure (sensor + platform), recurring oper-
ational costs (maintenance, batteries, data processing, licenses), and human capacity
needs are repeatedly identified in the literature as primary barriers, especially for small-
holders in low- and middle-income countries [334-335]. Policy, infrastructure (electricity,
broadband), finance (credit/subsidies), and regulation (UAV flight rules) further affect af-
fordability and scalability [336].

The economic feasibility of adopting these technologies for crop disease diagnosis
largely depends on the trade-off between performance, scalability, and affordability [337].
While advanced systems such as hyperspectral and robotic platforms provide superior
diagnostic capabilities, their high capital and operational costs limit accessibility for small-
holders and research programs in developing regions [338]. More affordable options like
multispectral and RGB systems offer practical scalability but may compromise on early
detection precision. Similarly, computational strategies involve cost-performance
tradeoffs: edge computing enhances real-time analysis, data privacy, and autonomy but
requires greater upfront hardware investment and local energy support, whereas cloud
computing reduces local hardware needs but adds recurring data transfer and subscrip-
tion costs [334]. Consequently, hybrid architectures that combine on-device preprocessing
with cloud analytics are increasingly viewed as the most cost-effective and technically
balanced approach, optimizing resource use while maintaining analytical accuracy and
timeliness [334].
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To provide a concise overview of the economic considerations associated with im-

plementing different sensing, platform, and computational technologies for crop disease

diagnosis, Table 5 presents a comparative summary of their relative cost ranges, compu-

tational requirements, adoption barriers, and potential solutions. This synthesis highlights

the trade-offs between affordability, technical performance, and accessibility, offering a

practical perspective on how these technologies can be deployed effectively across vary-

ing scales of agricultural operations.

Table 5. A comparative summary of cost ranges, computational requirements, adoption barriers,

and potential solutions for emerging digital technologies for end-to-end crop diagnosis.
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Limited field of  Integrate user-

Handheld sen- ~100-3500 Usually edge (mo- Low (on-device in- view, sample-based friendly apps, of-
sors/smartphone (smartphone apps bile app or small ference; occasional (not spatially con- fline models, and
apps low cost) [102]. device). cloud sync). tinuous), requires standardized de-

user skill. vice protocols.
Medium to high Use portable l.<its,
pooled sampling,

per lab (equip-  Centralized com-  High per sample Infrastructure, time
ment + reagents; pute for analysis;  (reagents, labor, delays, transport/lo-
per-sample cost not real-time field. transport). gistics.
significant).

and feed lab con-
firmations into
model calibra-
tion.

Lab-based molecu-
lar diagnostics

Figure 18 depicts a recommendation matrix for selecting different technology combi-
nations for crop disease diagnosis. The matrix synthesizes the suitability of various tech-
nology combinations (vertical axis) for different crops (horizontal axis), marked by a rec-
ommendation level (high, medium, or low) and a core advantage. For example, UGV +
HSI + DL offers below-canopy high-res data, which is highly recommended for wheat and
corn but less suitable (low) for soybean and other crops. Conversely, UAV + MSI + ML is
rated as a high recommendation across the board, providing field-scale mapping, which
is practical and scalable, aligning with the need for cost-effective systems that avoid the
high capital and operational costs of more advanced platforms. The overall goal is to offer
a quick technical selection reference, balancing the superior diagnostic capabilities of
high-end, often costly systems (like those involving hyperspectral or thermal sensors for
early detection and confirmatory tests) with more affordable, scalable options (like RGB
and MSI) that still provide valuable data like low-cost imaging and rich feature extraction.
It should be noted that these recommendations are based on the articles analyzed in this
study and are meant to be flexible and not “hard-coded”. Special situations may require

setups tailored specifically to the user’s needs and availability of resources.

Below-canopy EWIZELIAMM Below-canopy | Below-canopy | Below-canopy | Below-canopy | Below-canopy
high-res high-res high-res high-res high-res high-res high-res

UGV + HSI + DL

Rich feature Rich feature Rich feature Rich feature Rich feature Rich feature Rich feature

UAV + MSI + DL - extraction extraction extraction extraction extraction extraction extraction

UGV + RCE + DL - Low-cost Low-cost Low-cost Low-cost Low-cost Low-cost Low-cost

imaging imaging imaging imaging imaging imaging imaging
Early Early Early Early Early Early Early
UGV + Thermal + L= yotection detection detection detection detection detection detection

Confirmatory | Confirmatory Confirmatory | Confirmatory | Confirmatory | Confirmatory Confirmatory

Lab + Fluorescence + ML - tests tests tests tests tests tests tests

Technology Combinations

UAV + MSI + ML Field-scale Field-scale Field-scale Field-scale Field-scale Field-scale Field-scale
mapping mapping mapping mapping mapping mapping mapping
UGV + 3D + DL - Canopy Canopy Canopy Canopy Canopy Canopy Canopy
structure structure structure structure structure structure structure
Whleat Rilce Cchn Soytl‘nean Putlato Torn‘ato Cotlton
Crops

Recommendation levels
B Low - Less suitable Medium - Commonly used / Moderate ~ [l High - Best combination

Figure 18. Recommendation matrix for technical selection in crop disease diagnosis. This matrix

compares the suitability of various technology combinations (platforms, sensors, and computational
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methods) across major crop types. The color-coded cells indicate the recommendation level and
state the core advantage of that combination, providing a quick-reference guide for practitioners to

balance diagnostic performance, scalability, and affordability.

9. Challenges and Prospects

Addressing the challenges posed by plant diseases requires innovative and sustain-
able approaches. Integrating precision tools, such as UAVs, UGVs, and advanced compu-
tations has emerged as an effective strategy. These technologies complement each other
for enhanced accuracy in disease detection while promoting sustainability by reducing
environmental impact and reliance on agrochemicals. The shift from traditional methods
to integrated precision disease management represents a much-awaited transformation.
Advanced technologies in agriculture have demonstrated great potential in improving
disease control. UAVs, UGVs, and advanced imaging sensors facilitate comprehensive
monitoring and early disease detection, enabling timely and targeted interventions. Ad-
ditionally, ML and DL algorithms strengthen these capabilities by analyzing vast datasets
and providing actionable insights. Despite their promise, challenges such as data quality,
high computational demands, and the need for diverse datasets to train reliable models
remain as critical obstacles that must be addressed. Over the past decade, advancements
in computer vision and ML have significantly enhanced the ability to detect and classify
plant diseases from images. However, a key challenge remains the lack of high-quality
labeled datasets that adequately represent real-world scenarios and provide sufficient ex-
amples of various plant diseases [344]. These datasets are crucial for enabling ML algo-
rithms to learn accurate patterns and features from images [345]. Without them, detection
and classification models face limitations in accuracy and reliability, potentially leading
to misdiagnoses and financial losses for farmers [274,346]. The labeling process itself is
labor-intensive and time-consuming, further complicating dataset generation. Addition-
ally, plant diseases often exhibit variability depending on the type of disease, contamina-
tion stage, plant growth stage, and environmental conditions. The presence of multiple
infections on a single plant adds to the complexity of accurate diagnosis [198]. High-qual-
ity images capturing symptoms across different disease stages are essential for reliable
diagnosis and classification [347-349]. Achieving this requires specialized equipment such
as high-resolution cameras, proper lighting, and advanced lenses, which can be costly and
difficult to obtain in remote regions.

Although image processing techniques perform well under controlled laboratory
conditions, their effectiveness diminishes significantly in outdoor environments [350].
This decline is largely attributed to the variability of color under natural lighting condi-
tions, which complicates image analysis. Limited technical expertise further exacerbates
these challenges, emphasizing the importance of selecting appropriate image processing
techniques and classification strategies for optimal computer vision system performance
[351]. Common issues include oversized sample sets, overfitting, and insufficient technical
details in some studies, making validation difficult. The similarity of visual symptoms
among different diseases adds to the complexity, such as Cercospora leaf spot may closely
mimic other diseases like Ramularia leaf spot, bacterial blight, and Phoma leaf spot, or
abiotic stressors, leading to misdiagnoses and reduced system accuracy [352]. Environ-
mental variability across regions further complicates the development of universal mod-
els that can work across all plants and conditions. Innovative approaches are needed be-
yond visual inspection, incorporating genetic markers or crop-specific indicators to im-
prove diagnostic accuracy [243]. Additionally, the lack of standardized data collection
methods poses a significant challenge, as inconsistent procedures across researchers lead
to variations in datasets, hindering the development of reliable predictive models [351].
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Deploying DL for plant disease detection on edge devices poses challenges due to
resource limitations. Edge computing processes data near its source rather than relying
entirely on centralized cloud servers, enabling faster and more efficient analysis. How-
ever, this approach requires balancing computational performance with energy efficiency.
DL models, which demand extensive data and processing power, are often constrained
by the limited storage and battery life of edge devices. This challenge is particularly rele-
vant for real-time plant disease detection in fields or greenhouses, where models must
operate efficiently under resource constraints. Research has shown that pruning models
can reduce their size by up to 90% without substantial accuracy loss [353]. Such optimiza-
tion facilitates practical deployment on edge devices while minimizing energy consump-
tion and costs. Although optimized models offer promising solutions, further advance-
ments are needed to fully address these challenges. Additional considerations include
limitations of the techniques used within deep learning, such as bounding box-based ob-
ject detection including extraneous information, and semantic segmentation requiring
precise and labor-intensive annotations. Emerging solutions like attention-based or trans-
former object detection for better localization, instance segmentation, weakly- or semi-
supervised learning, and synthetic data generation with domain adaptation can address
these constraints while improving robustness and reducing the annotation burden. A de-
tailed comparison of different sensors, analytical algorithms, and their performances for
efficient crop disease identification is provided in Tables 3 and 4 and Figure 18. Insights
from these tables can be utilized to develop new methods or explorations for new disease
identification as well as in new crops that have not yet been evaluated, especially when
additional diseases are emerging in agricultural systems.

Early prediction of plant disease occurrence represents one of the most critical yet
challenging aspects of crop protection. Since visual symptoms often appear only after sig-
nificant physiological damage has occurred, predictive modeling that leverages environ-
mental and weather-related data is essential for timely intervention. Integrating Al with
time-series models, and meteorological parameters (e.g., temperature, humidity, solar ra-
diation) can enable forecasting of disease risk before visible onset, allowing for preventive
management rather than reactive control. Such predictive capabilities not only improve
the efficiency and precision of disease management decisions but also reduce yield losses,
input costs, and environmental impact. Therefore, advancing the robustness and general-
izability of early disease risk prediction models remains a key research frontier for achiev-
ing sustainable, data-driven crop protection systems. A growing number of studies have
investigated predictive modeling frameworks capable of estimating plant disease risk
based on environmental, climatic, and crop-related factors. For example, Wagle et al. [354]
proposed a hybrid Bilinear Long-Short Term Memory (LSTM) model optimized with
Gaussian Bayesian optimization (BLSTM_bayOpt) to predict tomato disease risk using
weather parameters such as temperature and relative humidity. The study achieved high
accuracy (R? =~ 0.93 — 0.95) and a 40.67% improvement in mean squared error (MSE) for
relative humidity prediction. Similarly, Guo et al. [355] developed a hybrid CNN-LSTM
model enhanced with a Squeeze-and-Excitation (SE) attention mechanism to predict pea-
nut leaf spot disease using multi-year meteorological and survey data. The optimized
model achieved high accuracy (R? = 0.951, RMSE = 0.063), demonstrating strong poten-
tial for timely and precise disease management. Using Z-score standardized datasets, Al-
zakari et al. [356] developed a CNN-LSTM model for detecting major potato diseases, in-
cluding late and early blight. A reported accuracy of 97.1% demonstrates the model’s ef-
fectiveness in early disease detection. Collectively, these studies, which make use of open-
field meteorological data, underscore the growing potential of Al-driven, weather-in-
formed predictive models as powerful tools for enabling proactive, precise, and sustaina-
ble crop disease management.
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While open-field, weather-based monitoring provides valuable insights for disease
risk forecasting at regional or field scales, it often overlooks the distinct microclimatic var-
iations that exist within crop canopies. For most crops, the initial stages of pathogenic
growth occur beneath the canopy, where environmental conditions—characterized by
lower temperature, higher relative humidity, and reduced solar radiation —create favora-
ble habitats for disease development. Consequently, relying solely on data from open-
field weather stations may lead to generalized predictions that fail to accurately capture
these localized microclimate dynamics. To address this limitation, a promising future di-
rection involves developing autonomous, below-canopy monitoring systems powered by
edge computing and IoT technologies. Such systems could integrate localized sensor net-
works with Al-driven predictive models to continuously capture temperature, humidity,
and light intensity data within the canopy microenvironment. By analyzing these param-
eters in real time, the system could more precisely identify areas at higher risk of patho-
genic proliferation, enabling farmers to implement preventive measures before visible dis-
ease symptoms emerge. This microclimate-focused approach represents a critical ad-
vancement toward more spatially precise, early-warning frameworks for crop disease
management and improved field-level decision support.

Economic feasibility and accessibility remain major challenges in the large-scale
adoption of emerging sensing and computational technologies for end-to-end crop dis-
ease diagnosis. While advanced systems such as hyperspectral imaging, UAV/UGV plat-
forms, and Al-driven analytics demonstrate exceptional technical performance, their high
capital costs, maintenance demands, and energy or connectivity requirements limit acces-
sibility —particularly for smallholder farmers in low- and middle-income regions. Bridg-
ing this gap requires strategies such as promoting low-cost modular sensors, shared
equipment or leasing models, open-source computational frameworks, and supportive
policy interventions to subsidize technology deployment and enhance rural infrastruc-
ture. Addressing these economic and operational barriers will be critical for translating
technical feasibility into practical, scalable, and inclusive disease management solutions.

Finally, as agriculture modernizes through data-driven solutions, cyber threat risks
also persist that may compromise data and decision quality acquired from vulnerable de-
vices and systems. Eventually, these can compromise crop input applications to damage
productivity and economic returns. Research and development targeting cybersecurity in
agriculture that include attack-resistant electronic communication devices and protocols,
regular data security audits of farm data, and other related measures need to be adopted.

10. Conclusions

This review highlights transformative role of advanced technologies and end-to-end
solutions for real-time diagnosis of crop diseases, addressing critical challenges in agri-
culture such as yield reduction, economic losses, and environmental sustainability. Tech-
niques spanning from sensing technologies such as HSI and MSI, thermal imaging, visible
light imaging, and fluorescence imaging have collectively broadened the toolkit for early
disease detection, offering non-invasive, rapid, and highly sensitive approaches capable
of capturing both physiological and structural changes in crops. Moreover, the integration
of ML and DL technologies has significantly enhanced disease identification processes,
enabling automated systems that reduce human error, accelerate detection, and optimize
decision-making. Approaches like CNNs, object detection, semantic segmentation, trans-
fer learning, and ensemble methods have demonstrated efficacy in diverse applications,
including disease classification, lesion localization, and severity assessment, underscoring
their growing potential in modern precision agriculture. Emerging techniques, such as
attention mechanisms, weakly supervised learning, and synthetic data generation, further
address limitations associated with annotation burden and extraneous information in DL-
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based models, enhancing model robustness, scalability, and applicability under heteroge-
neous field conditions.

Overall, the articles analyzed in this study reveal clear trends driving the evolution
of crop disease detection. First, the convergence of imaging systems and Al has been cen-
tral to improving diagnostic precision and operational efficiency, establishing a founda-
tion for scalable digital disease management. Second, edge computing and IoT integration
have enabled near real-time processing of sensor data, paving the way for autonomous
field monitoring systems that are both cost-effective and energy efficient. Third, Al-driven
predictive modeling — particularly hybrid frameworks combining CNNs, LSTMs, and me-
teorological data—has shown strong potential for early disease risk prediction, moving
crop protection from a reactive to a preventive paradigm. Together, these developments
illustrate the shift towards providing complete end-to-end solutions for practical imple-
mentations that can adapt dynamically to environmental variability and disease pressure.

The review also emphasizes the importance of deploying innovative and integrated
sensors and platforms, including UAVs, UGVs, and IoT-enabled edge computing systems,
for end-to-end scalable and real-time disease monitoring. Integration of microclimate
sensing (temperature, humidity, solar radiation) beneath crop canopies alongside ad-
vanced imaging can enable proactive interventions before disease onset, offering a shift
from reactive to predictive disease management. These systems, when combined with DL
models, can provide farmers with actionable insights in near real-time, improving both
efficiency and sustainability.

From a scientific perspective, these advancements offer new pathways for interdisci-
plinary research combining plant pathology, computer vision, and data science to develop
interpretable and generalizable models. For industry, the growing availability of low-cost
sensors, portable imaging systems, and embedded Al processors opens opportunities for
developing commercial decision-support tools and automated platforms for large-scale
disease monitoring. Technology providers can leverage these findings to design modular,
interoperable systems that integrate seamlessly with existing agricultural machinery and
digital farm management platforms. Collectively, these applications demonstrate how re-
search progress can translate into tangible innovations that enhance productivity, reduce
agrochemical use, and improve sustainability across global agricultural systems.

Despite significant advancements, challenges remain. These include ensuring afford-
ability and accessibility, cybersecurity, managing vast and diverse datasets, addressing
environmental and inter-disease variability, and overcoming practical deployment con-
straints such as computational resource limitations and annotation requirements. Future
research should also focus on developing standardized data collection protocols, light-
weight and interpretable models suitable for edge devices, and frameworks capable of
integrating multiple sensing modalities to deliver holistic crop health monitoring. By fos-
tering collaboration between researchers, technologists, and agricultural stakeholders,
these advancements can revolutionize disease management practices. Leveraging inte-
grated Al-driven frameworks, precision sensing, and predictive modeling can support
sustainable crop production through minimized agrochemical use and ultimately contrib-
ute to global food security. These efforts represent a critical step towards a more resilient,
data-driven, and environmentally responsible agricultural ecosystem.
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