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Crop diseases represent a significant threat to global agricultural productivity and food security. The 
advancement of non-invasive and efficient crop health monitoring technologies is critical for sustainable 
crop protection and yield stability. The continuous progress of sensing systems and computational 
methodologies offers promising avenues for developing intelligent agricultural disease monitoring sys-
tems. This review systematically evaluates existing research from three dimensions: sensors and sys-
tems, methods and algorithms, and applications. It provides an in-depth analysis of the roles of 
different sensors and systems, discusses key methods and techniques, prediction, and early warning, 
and explores their applications in real-world agricultural scenarios. Furthermore, this paper identifies
the main challenges in agricultural disease surveillance research, particularly in the development of
real-time detection techniques, the construction of early-warning models, and the promotion of data
sharing and collaboration. Finally, innovative directions and application prospects are explored for inte-
grating crop disease monitoring with big data, artificial intelligence (AI), and the Internet of Things (IoT).
These research advances are expected to open new avenues for theoretical innovation and practical appli-
cations in crop disease monitoring.

© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. Thi s is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/). 
1. Introductio n

The occurrence of crop diseases poses a serious threat to global 
food security. Food and Agriculture Organization (FAO) estimates
that these diseases cause economic losses of more than 220 billion
USD per year [1]. Traditional monitoring methods, which rely pri-
marily on agricultural experts for identification, are inefficient and 
make it difficult for farmers to make effective response. Addition-
ally, excessive use of pesticides will not only increase production
costs, but also cause potential risks to human health and environ-
mental safety [2,3]. To reduce crop yield losses and promote sus-
tainable agriculture, more advanced and effective disease control 
strategies are needed. Through early detection of diseases and
timely preventive measures, the risk of large-scale outbreaks can
be greatly reduced. This helps to build a more resilient agricultural
system [4]. 

Fungi, bacteria, and viruses infect crops through spores, myce-
lium, extracellular secretions, or vectors [5]. Once an infection 
begins, the interactions among pathogens, crops, and environmen-
tal conditions shape the course of the disease, influencing both its 
spread and severity. With the acceleration of climate change and 
the expansion of global trade, the spread of pathogens has intensi-
fied, and the adaptability to new hosts has increased. This trend
has posed growing challenges to agricultural productivity [6], 
thereby complicating the detection, prediction, and early warning 
of crop diseases. In recent years, technological advancements have 
significantly improved crop disease monitoring, making it a focal
point of agricultural research [7]. 

With advancements in optical instrumentation, crop disease 
detection, prediction, and early warning systems have increasingly 
incorporated a variety of optical analysis tools, including red,
green, and bule (RGB) imaging, thermal imaging, hyperspectral
ning: A
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imaging (HSI), fluorescence imaging, and remote sensing. Diseased 
crops exhibit distinct symptoms compared to healthy ones [8]. RGB 
images provide intuitive visual information, enabling disease iden-
tification through features such as the shape, color, and texture of
affected areas. RGB cameras are generally more cost-effective,
widely available, and easy to operate [9]. Compared with RGB 
imaging, spectral technology provides richer spectral-domain 
information , offering high sensitivity and strong early-warning
capabilities [10]. Early symptoms of disease infection often mani-
fest through internal physiological changes. Spectral imaging can 
detect alterations in infected areas that are not observable in stan-
dard RGB images [11]. It enables the monitoring of nutrient defi-
ciencies, stress levels under varying environmental conditions,
and diseases during the asymptomatic phase [12]. However, the 
cost of spectral imaging equipment is significan tly higher than that
of RGB cameras [13]. Compared with other spectral analysis tools, 
remote sensing platforms overcome the limitations of traditional 
field observation methods in terms of spatial and temporal scales.
They provide comprehensive and continuous data for monitoring
crop growth [14]. Currently, remote sensing platforms (ground, 
aerial, and satellite) combined with various image sensors capture 
infection symptoms (e.g., scabs and pustules), physiological 
responses (e.g., changes in pigment and water content), and struc-
tural changes (e.g., canopy and landscape structure) caused by crop
diseases [8,15,16]. The occurrence of crop diseases is largely influ-
enced by weather and environmental fluctuations. Current
research on regional crop diseases primarily focuses on spatial pat-
terns [17]. However, disease outbreaks are often identified only 
after extensive transmission, making timely intervention difficult 
and reducing the effectiveness of control strategies. Therefore, ana-
lyzing disease occurrence trends and enabling early warning have 
become key research priorities in this field. To better understand
the spatiotemporal dynamics of crop disease ecosystems, the inte-
gration of diverse environmental sensors (e.g., temperature,
humidity, wind speed, and gas concentrations) is essential [18]. 
The combined effects of multiple environmental factors across 
time and space plays a crucial role in disease outbreaks. By com-
bining various environmental sensors, the spatiotemporal dynam-
ics of crop disease ecosystems can be simulated on a
spatiotemporal scale to predict regional disease trends [19]. 
Fig. 1. Causes of disease occurrence an
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Crop disease detection, short-term disease prediction, and early 
warning systems depend not only on a variety of analytical instru-
ments but also on advanced methodologies. While manual inspec-
tion can identify various abnormal conditions of crop leaves.
However, this approach is inefficient [20]. Currently, many 
researchers are extensively investigating monitoring methods that 
utilize digital photography, HSI, and data analysis. Crop leaf images
provide rich information about crop health and growth status [21]. 
Machine learning (ML) models can analyze these images to diag-
nose disease trends, types, and severity, offering real-time preven-
tion and control recommendations to farmers [22]. With the 
advancement of neural network technology, deep learning has 
increasingly been applied to crop disease monitoring. Deep learn-
ing excels in feature extraction when handling large datasets and
can detect subtle differences, making it widely applicable in agri-
cultural disease identification and early detection scenarios
[23,24]. At present, many scholars use deep learning to build Inter-
net of Things (IoT)–based precision agriculture (PA) systems, pri-
marily for epidemic prevention and control [25,26]. Researchers 
have integrated deep learning algorithms with environmental sen-
sors and image recognition to develop intelligent systems capable
of continuous crop health monitoring and dynamic disease risk
assessment [27]. These systems improve automation and real-
time performance and, by leveraging historical data and environ-
mental trends, can predict potential disease outbreaks, enabling
early intervention [28]. In addition, epidemic models combine 
climate, host physiology, and pathogen behavior to construct pre-
dictive frameworks that simulate disease transmission under dif-
ferent climatic conditions [29]. 

Advanced crop disease monitoring technologies offer rapid, 
accurate, and reliable reports of disease occurrences, yielding eco-
nomic, productivity, and agricultural benefits [8]. Rapidly advanc-
ing sensing technologies and ML methods provide new approaches 
for monitoring crop health throughout the growth cycle [30], as 
shown in Fig. 1. Researchers have made valuable contributions to 
rapid and accurate detection, prediction, and early warning of dis-
ease occurrences in agricultural settings, shifting crop disease 
monitoring from traditional manual inspections to more efficient
and precise technological methods. This paper provides a compre-
hensive review and analysis of sensors, systems, and methodolo-
d current monitoring techniques.
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gies used for the detection, prediction, and early warning of crop 
diseases. It places particular emphasis on current applications 
and recent advancements, aiming to promote the evolution of crop 
disease monitoring technology towards smarter and more precise 
solutions. Additionally, this study addresses existing challenges
and explores future trends in the field. The findings can serve as
a resource for researchers and agronomists in developing innova-
tive agricultural models for effective crop disease surveillance.

The literature cited in this review mainly comes from several 
authoritative databases, such as Web of Science, IEEE Xplore, and 
CNKI. Literature retrieval was conducted by searching for key-
words related to crop disease detection, crop disease prediction 
and crop disease early warning etc., literature retrieval is carried 
out. To thoroughly explore the evolution of crop disease detection,
prediction and early warning research, this review systematically
integrates the relevant literature from the mid and late 20th cen-
tury to the present. In addition, this paper uses the bibliometric
analysis tool VOSviewer for keyword co-occurrence analysis to
identify research hotspots and emerging trends, as shown in
Fig. 2. The evolution of keywords reflects the progress of crop dis-
ease monitoring technology. This field has transitioned from tradi-
tional diagnostic methods to modern multimodal intelligent 
detection systems. Early studies primarily focused on molecular 
detection techniques such as polymerase chain reaction (PCR), 
which significantly improved the sensitivity and specificity of 
pathogen identification and served as essential tools for early dis-
ease diagnosis. With advances in computing power and data avail-
ability, the focus has gradually shifted toward ML methods for 
image recognition and feature extraction, enabling the automatic 
classification and identification of crop diseases while improving 
diagnostic efficiency. Building on this, deep learning (DL) models
have further enhanced the generalization ability and accuracy of
recognition systems in complex environments, facilitating a transi-
tion from expert-driven approaches to data-driven intelligent per-
ception. In recent years, the development of the IoT in agriculture
has driven research from isolated detection tasks toward the inte-
gration of multisource data. By combining from environmental
sensors, remote sensing imagery, and various modalities, these
systems are now capable of real-time monitoring and forecasting
of disease occurrence, progression, and transmission dynamics.
Fig. 2. Research on contextual development trends and keyword analysis. qPCR: quanti
chain reaction; NDVI: normalized difference vegetation index; UAV: unmanned serial veh
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The co-occurrence model of these keywords not only reveals the 
core theme and development trend of crop disease detection and
prediction research, but also provides a valuable reference for
future research.
2. Sensors and systems for crop disease detection, prediction,
and early warning

The ideal crop disease surveillance tools should exhibit rapidity, 
specificity to diseases, and sensitivity to the early onset of symp-
toms. Recent advancements in agricultu ral sensors and systems
have propelled research into automated, non-destructive methods
for crop disease detection, prediction, and early warning [8]. These 
sensors primarily focus on monitoring, measuring, and collecting 
data related to both crops and their climatic environment. We cat-
egorize these sensors and systems into two main types: ① Optical 
sensors can observe changes on the surface of crops and correlate
these changes with specific characteristics or symptoms. Spectral
sensors can detect diseases at the early stages of crop infection
[31]. ② Electrochemical biosensors, volatile organic compounds 
(VOCs), and spore sensing systems, which can monitor disease 
occurrence by detecting pathogens within infected crops, as well
as the specific chemical volatiles or pathogenic spores they release
[32]. Currently, common sensors and systems include RGB cam-
eras, fluorescence sensors, thermal imaging systems, multispectral 
sensors, HIS systems, remote sensing systems, electrochemical 
biosensors and spore sensors, and electronic noses (e-nose). Sum-
mary of sensors and sensing systems involved in crop disease
detection, prediction, and early warning is shown in Fig. 3.

2.1. Optical s ensors

The application of optical sensors in crop disease monitoring 
primarily relies on acquiring image data in the visible, infrared,
or other spectral ranges to identify disease characteristics [33]. 
These sensors can capture optical features of both the crop surface 
and interior, including color, texture, reflectance, and absorption
spectra, which change when plants are infected by pathogens
[34]. Currently, commonly used sensors and systems include RGB
tative polymerase chain reaction; 16S rDNA:16S ribosomal DNA; PCR: polymerase 
icle; RT-PCR: reverse transcription PCR; AI: artificial intelligence; DL: deep learning.
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Fig. 3. Summary of sensors and systems involved in crop disease detection, prediction, and early warning. UAV: unmanned serial vehicle.
cameras, fluorescence sensors, thermal imaging systems, HIS sys-
tems, and remote sensing platforms, as shown in Table 1. 

2.1.1. RGB cameras
The imaging principle of RGB cameras is to capture the reflected 

light of the three primary colors of red, green, and blue. RGB cam-
eras use the intensity information of these colors to generate color
images, mimicking the way normal human eyes perceive colors
[35]. Crop images captured by RGB cameras reflect its growth, dis-
ease status, life cycle stages [36]. Digital images taken from the 
camera play an important role. RGB cameras are widely used for 
crop disease data collection because of their ability to provide valu-
able information about crop color, shape, and visual appearance.
These sensors are particularly effective in detecting visible symp-
Table 1 
Comparison of optical sensors and systems for crop disease monitoring.

Type of sensors and systems Image-forming principle Wavelength 
range (nm)

Spatial 
resolutio

RGB cameras VIS imaging 400–700 High

Multi-channel narrowband
imaging

Multispectral sensors 450–900 Medium 

Continuous narrowband
imaging

HSI systems 350–2500 Medium/

7500–14 
000 

Thermal imaging systems Thermal radiation imaging Medium

Chlorophyll fluorescence
response

Fluorescence sensors 250–800 Medium

Multispectral remote
sensing

Remote sensing systems 300–14000 Low

VIS: visible light.
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toms, such as discoloration, spots, lesions and deformities caused
by disease [37]. Their wide availability, cost-effectiveness, and 
non-destructiveness make them a popular choice for a variety of 
crop disease detection applications. However, due to
uncontrolled/real-time images, shadow, light, insufficient illumi-
nation, complex background, and similar disease characteristics
[38], the quality of captured images will also be affected. As a 
result, RGB cameras have certain disadvantages in the early detec-
tion of crop diseases [39]. 

2.1.2. Fluorescence sensors
Fluorescence spectroscopy is also considered a promising 

method for rapid and early detection of biological forcing reactions
in crops [40]. The researchers propose that fluorescence sensing
n 
Advantages Disadvantages 

Low cost, easy deployment, and
good real-time performance

Sensitive to light, with weak early
detection capability

Contains multiple characteristic 
bands, suitable for crop health
analysis

The number of channels is limited
and the information is
discontinuous

The spectral information is rich and 
the early detection capability is
strong

low High data dimension and 
complex processing

Low resolution and susceptible to
interference from environmental
temperature

It can reflect the transpiration and 
water status of crops after being
subjected to stress, and is suitable
for non-contact monitoring
It can reflect the efficiency of 
photosynthesis and is suitable for
the early detection of stress

The equipment and environment 
have strict requirements and the
deployment is difficult

Wide coverage, strong periodicity, 
suitable for large-scale dynamics

The spatial resolution is low, and 
it is affected by cloud cover,
making it difficult to identify
early-stage individual lesions
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technology may be more useful in detecting crop physiological 
responses because it can obtain fluorescence signals as well as
changes within the crop [41,42]. After exciting the region of inter-
est with a beam of light (usually in the ultraviolet spectrum) [8], 
the fluorescence emission from certain compound molecules (such 
as crop pigments in leaves) can be detected [43,44]. Fluorescence 
sensors can be used to monitor nutrient deficiencies, stress levels
due to environmental conditions, and diseases in crops [12]. Fluo-
rescence spectroscopy has higher sensitivity and specificity. It can 
detect the changes of photosynthetic activity and chlorophyll fluo-
rescence patterns in crops at the early stage of pathogen infection
[45], thus achieving the effect of asymptomatic disease detection. 
Spectral sensors such as standard handheld fluorometers have 
been used in agricultural scenarios. However, the ability of fluores-
cence sensors to detect pathogen infection depends not only on the
infected crop, but also on the pathogen itself to a large extent [46]. 
Different pathogens can be detected at different stages. At present, 
various fluorescence imaging devices with different excitation
modes have been developed to further improve the detection and
classification accuracy [40]. 

2.1.3. Thermal imaging systems
At present, researchers have conducted early and asymptomatic 

disease detection based on the thermal characteristics of crops
[47]. In the early stages of crop infection, fungi and viruses invade 
the interior of crops, resulting in slight changes in surface temper-
ature [48]. By collecting surface temperature changes such as those 
in leaves, we can detect abnormalities in the asymptomatic period
of crops [49]. Thermal imaging technology can capture short wave 
to long wave infrared radiation, offering high sensitivity in detect-
ing temperature changes. The infrared radiation of the detected
object is directly proportional to its temperature and emissivity
[8]. The thermal imaging system generates thermal images by con-
verting the infrared energy emitted by objects into electrical sig-
nals [50]. These thermal images reflect the temperature changes 
on the crop surface. The main advantages of thermal imaging tech-
nology include non-invasive, non-contact and rapid measurement
of temperature distribution. Thus, it can be used for the early
detection of crop diseases [39]. Through the detailed analysis of 
the temperature change pattern in the thermal image, the poten-
tial disease problems can be identified, predicted and intervened 
upon before the disease reaches the dominant stage. Accurate anal-
ysis of crop surface temperature changes is crucial for early disease
prediction and provides effective support for crop disease manage-
ment [51]. 

2.1.4. Multispectral sensors
Multispectral sensors capture spectral data across different 

wavelength ranges. The multi spectrum includes visible light 
(VIS), near infrared (NIR), and short-wave infrared (SWIR) bands.
When crops are infected by diseases, their spectral reflectance
changes even if there are no obvious symptoms on the surface
[52]. This occurs because the disease alters the physiological mech-
anism of crops, leading to the reduction of photosynthesis rate, the
increase of reflectance in VIS band and the decrease of reflectance
in NIR band [53]. These changes can be detected by multispectral 
sensors to identify the presence and onset of disease. Multispectral 
cameras are widely used to distinguish healthy and diseased areas 
on crop leaves. By analyzing the reflected light data of different
bands and combining it with vegetation index (such as normalized
difference vegetation index (NDVI)), the health status of crops can
be accurately assessed [54]. In addition to the basic spectral infor-
mation provided by the RGB band, the multispectral sensor offers 
more detailed spectral data in the red edge (RE) and NIR bands.
Owing to their high spatial resolution and manageable data vol-
ume, multispectral sensors and imaging systems are typically sub-
5

ject to streamlined processing workflows. Consequently, they are 
well-suited for agricultural disease monitoring applications [55]. 
However, for complex diseases, it may be necessary to further ana-
lyze the relative changes between different bands (such as the dif-
ferences between RE, NIR, and SWIR bands) to assist in disease
classification and diagnosis [56]. 

2.1.5. HSI systems
Unlike multispectral sensing, hyperspectral sensors capture the 

reflection, absorption, and emission characteristics of the target
object in the continuous narrow-band electromagnetic spectrum
[57]. HSI obtains information by analyzing the reflection intensity 
of each pixel across multiple wavelengths [58]. It not only sur-
passes the RGB color limits of traditional VIS wavelengths (e.g., 
450 to 680 nm), but also captures multi band spectral data and
image information at the same time [59]. Because different disease 
sources impact crop physiology, the most relevant correlation 
bands of different diseases are also different. For instance, in rice 
leaves infected with brown spot disease, reflectance increases in 
the 450–500 and 630–680 nm ranges as the percentage of infected
leaf surface rises. Conversely, reflectance decreases in the 520–580,
760–790, 1550–1750, and 2080–2350 nm ranges with increasing
infection percentage [60]. While, for tomato plants affected by yel-
low leaf curl disease, the key spectral bands for distinguishing 
healthy from diseased ones are primarily located in the 550–650
(VIS), 675–760 (RE), and NIR regions (reflecting water status,
700–900 nm and even wider ranges) [61]. 

By calculating the spectral vegetation indices related to physio-
logical parameters, such as NDVI, anthocyanin reflectance index 
(ARI), and modified chlorophyll absorption integral (MCAI), the 
infection and severity of the disease can be evaluated nondestruc-
tively in the early stages of disease development, even before the
initial symptoms appear [62]. However, due to the large volume 
of data obtained by hyperspectral sensors, there is a significant 
amount of redundant information and noise interference. These 
are facing challenges in data analysis. For example, different light-
ing conditions (such as cloudy days or intense light) will affect the
stability of spectral reflection [63]. At present, portable spectrom-
eters equipped with simulated solar light sources have been devel-
oped to reduce reliance on natural sunlight. This device provides
reliable means for practical applications and promotes the wide
use of HSI in agriculture [64]. 

2.1.6. Remote s ensing systems
Ground sensors are not suitable for large area disease monitor-

ing. Remote sensing technology can widely observe the surface 
physical parameters in the agricultural area, such as land surface
temperature. It provides a complementary method for acquiring
disease information in a wide range [65]. Remote sensing technol-
ogy can quickly detect crop diseases by comparing the spectral 
reflectance (i.e., spectral characterist ics) of healthy crops and dis-
eased crops (including crops with similar visual symptoms) [66]. 
At present, satellite, unmanned aerial vehicle (UAV) and aerial 
remote sensing systems are extensively used in crop monitoring. 
The satellite remote sensing system has wide coverage and strong 
repetitive imaging ability. It is suitable for long-term and continu-
ous data acquisition in the region and even the world, and is the 
preferred choice for large-scale monitoring of crop diseases. Com-
pared to satellite images, UAVs has higher temporal and spatial
resolution, and can monitor the status of farmland vegetation in
real time by frequently obtaining high-resolution low altitude aer-
ial images. It is suitable for farmland management in a specific area
[67,68]. The aerial remote sensing system is equipped with remote 
sensing devices on the aircraft. It is suitable for medium-scale 
monitoring needs, but is more expensive. Under the background
of remote sensing monitoring crop diseases, it is crucial to identify
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effective and unique remote sensing features. Visible NIR spec-
trometer, fluorescence sensor, thermal camera, RGB camera, and 
other equipment can be installed on the remote sensing platform
for disease detection according to specific needs [14]. In addition, 
remote sensing technology can be combined with climate, terrain, 
and soil factors to monitor the potential drivers of disease. 
Although the study of combining remote sensing variables with
bioclimatic factors to understand crop diseases is still in its early
stage, it is considered one of the most promising technologies [69]. 

2.2. Electrochemical b iosensor

Electrochemical biosensors function based on ‘‘pathogen-speci 
fic” or ‘‘host-responsive” biomarkers. In the early stages of crop 
diseases, before pathogenic bacteria are released in large quanti-
ties, the concentration of mycelia in the air is typically very low. 
By employing highly sensitive molecular biology techniques and
immunoassay methods, various plant pathogens—including fungi,
bacteria, and viruses—along with disease-related biological mole-
cules such as nucleic acids, proteins, hormones, and small molecule
metabolites, can be detected [70,71]. Among these, pathogen-
specific DNA or RNA is typically detected through hybridization
with complementary DNA probes [72]. For pathogen proteins or 
toxins, specific recognition is achieved through antibody-based 
detection or molecular imprinting techniques. Additionally, 
changes in plant defense-related metabolites, such as salicylic acid,
induced by pathogen stress, can serve as indicators of disease
response and can be monitored using electrochemical biosensors
[73]. 

In recent years, the rapid advancement of nanomaterials has 
significantly advanced biosensor technologies. Due to their high 
specific surface area, excellent electronic conductivity, and unique 
plasmonic properties, nanomaterials offer an ideal platform for the 
efficient assembly of biological recognition elements and greatly
enhance detection sensitivity. A variety of nanomaterials—includ-
ing metal and metal oxide nanoparticles, quantum dots, carbon
nanotubes, and graphene—have been applied in the development
of biosensors for plant pathogen detection [74]. For instance, a 
DNA-based electrochemical biosensor constructed with graphene 
oxide combined with DNA probes enables rapid detection of the
rice smut pathogen, offering simplicity and low cost [75]. Similarly, 
by integrating gold nanoparticle (AuNP)-modified electrodes with 
electrochemical impedance spectroscopy (EIS), a highly sensitive 
and specific DNA biosensor can be developed to detect nucleic acid
sequences related to Citrus tristeza virus (CTV) [76]. 

2.3. Spore sensors

When pathogenic spores reach a certain concentration in the 
air, they rapidly germinate and multiply in large numbers under 
suitable temperature and humidity conditions, leading to crop
infection. The greater the number of conidia, the stronger the abil-
ity to spread, increasing the range of propagation with a certain
probability [77–79]. By using highly sensitive spore sensors and 
advanced data processing methods, spores in the air can be cap-
tured and their concentrations measured. At present, there are 
three kinds of spore sensing technology: microfluidic technology, 
diffraction imaging technology, and polarization imaging technol-
ogy. Microfluidic technology has become an efficient detection tool
because of its portability, miniaturization, automation, and multi-
channel sample detection capability. Its most significant advantage
is its ability to create a controllable microenvironment and accu-
rately adjust the flow in the microchannel, thereby improving
the detection sensitivity [80,81]. In addition, each spore has unique 
diffraction and polarization fingerprint characteristics. The spore
diffraction system can accurately measure the size, shape, and sur-
6

face characteristics of spores by analyzing the diffraction pattern 
generated by the interaction between light waves and spores, to 
achieve the purpose of disease spore monitoring. Furthermore,
polarization is a characteristic of light. It can transmit information
that cannot be captured by traditional intensity images or spec-
trums [82]. By extracting and fusing feature information from tar-
gets with different polarization directions, the target recognition
rate can be significantly improved [83,84]. Pathogen spores can 
be classified and identified by combining microfluidic, diffraction,
and polarization imaging techniques [85]. The integrated multi-
technology sensing system offers high accuracy and sensitivity, 
and effectively enhances the monitoring and early warning ability 
of crop diseases. However, in real agricultural environments, the 
stability and practicality of these methods can still be limited by
factors such as atmospheric turbulence, ambient contaminants,
and limitations in sampling intervals. Consequently, detecting
latent spores remains technically challenging.

2.4. E-nose 

The e-nose is an advanced sensing technology that simulates 
human olfactory system. The sensor array of the e-nose detects 
and recognizes odor molecules, using complex data processing 
and pattern recognition algorithms to analyze odor information. 
When crops are attacked by pathogens (such as fungi, bacteria,
or viruses), they release specific volatile organic compounds
(VOCs) as a stress response. These VOCs have unique chemical
characteristics and can serve as the basis for early diagnosis and
disease early warning [86]. By replicating the biological olfactory 
system, the e-nose can efficiently, rapidly, and cost effectively
detect volatile chemicals patterns in real time [87]. The key com-
ponents of the e-nose includes a gas sensor array, a signal condi-
tioning unit, and pattern recognition algorithm [88]. In the 
process of crop disease detection, headspace sampling, diffusion, 
bubbling, pre-concentration, and other sampling techniques are 
used to introduce gas samples from the mass flowmeter into the 
gas sensor array. The air pump controls the response of the sensor
at a predetermined interval. It can capture and analyze the gas
composition in real time [89]. VOCs emitted by diseased crops 
show unique fingerprint characteristics, and different types of
VOCs can reflect different disease types [90]. Through the analysis 
of these characteristic VOCs, the e-nose can distinguish healthy 
crops from diseased crops, and even identify different types of crop
diseases.

It should be noted that the detection stability and usability of 
the e-nose in outdoor environments are affected by various envi-
ronmental factors. Temperature changes significantly affect the 
sensitivity and response speed of the sensors (especially metal
oxide sensors), while fluctuations in humidity can cause baseline
drift, interfering with the accurate identification of target gases
[91]. In addition, wind speed and direction can dilute or alter the 
gas diffusion path, affecting the representativeness and stability 
of sampling. To address these challenges, recent studies have com-
bined temperature and humidity compensation models, airflow
guidance mechanisms, and multi-sensor fusion algorithms to
improve system reliability [92]. 

In real agricultural deployment scenarios, the e-nose still faces 
issues such as high-power supply requirements, equipment sealing 
issues, and reduced recognition accuracy due to multi-source gas
interference in complex environments [93]. To address these 
issues, continuous improvements in areas such as housing design, 
stable power supply, low-power hardware, and modularization 
and miniaturization will be essential for advancing the e-nose from
experimental verification to large-scale agricultural applications.

RGB, multispectral, and certain thermal imaging systems are 
the most widely adopted in practical agricultural production due
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to their favorable cost-effectiveness and flexible deployment. 
Hyperspectral and fluorescence imaging can reflect plant disease 
conditions by capturing physiological changes, transpiration 
anomalies, and photosynthetic efficiency, offering advantages for 
early detection. However, their application is limited by high
equipment costs, environmental sensitivity, and operational insta-
bility, making them more suitable for research and precision mon-
itoring scenarios [94]. Spore traps and e-noses provide non-
contact, real-time monitoring of disease dynamics, and early 
symptoms by detecting airborne pathogen particles and disease-
related VOCs, respectively. These technologies show promise for 
regional early warning and controlled-environment agriculture, 
though improvements in sensitivity and robustness against envi-
ronmental interference are still needed. Molecular biosensors offer
high sensitivity in identifying specific pathogens or gene expres-
sion markers at the molecular level. While they are well-suited
for laboratory and high-precision use cases, their real-time field
deployment remains constrained by sample processing require-
ments and operational complexity [95]. Sensor deployment should 
therefore be tailored based to crop type, disease characteristics, 
spatial and temporal monitoring requirements, and budget con-
straints, with comprehensive consideration of data quality, cost-
effectiveness, and deployment feasibility.
Fig. 4. Methods of crop disease detection, prediction, and early warning [96,97]. SVM: su
Look Once; CNN: convolutional neural network; LSTM: long short-term memory; REN
difference vegetation index; PRI: photochemical reflectance index; MSI: multi-spectral
algorithm; CARS: competitive adaptive reweighted sampling.
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3. Methods for crop disease detection, prediction and early
warning

As a cornerstone of global food systems, crop cultivation plays a 
vital role in sustaining human livelihoods and ensuring food secu-
rity. To safeguard agricultural productivity, the implementation of 
advanced technologies for early detection of pathogen-induced 
diseases and continuous monitoring of crop health throughout 
their growth cycles is imperative. After obtaining data from the 
agricultural environment through sensors and systems, it is neces-
sary to process the data and extract the disease characteristics for
crop disease monitoring. Effective technical methods can signifi-
cantly improve the accuracy and timeliness of disease detection,
thus providing strong support for agricultural production and
ensuring food security and economic stability [30]. An overview 
and classification of crop disease detection, prediction and early
warning methods are shown in Fig. 4 [96,97]. At present, crop dis-
ease monitoring mainly collects VIS, multispectral or hyperspectral 
crop images, and uses image processing technology, computer 
vision algorithm, ML, or deep learning algorithms to identify and 
analyze the disease. The essence of these methods is to extract
the visual features the represent the disease from these images.
Additionally, by combining various sensors and data sources (such
pport vector machine; RF: random forest; KNN: k-nearest neighbor; YOLO: You Only 
DVI: red-edge normalized difference vegetation index; GNDVI: green normalized
imaging; NMDI: normalized multi-band drought index; SPA: successive projection
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as spectral, environmental, and meteorological data) with ML or 
deep learning algorithms, integrated crop disease monitoring
methods have become a current research hotspot [98,99]. This 
method uses multidimensional information to improve the accu-
racy and robustness of disease detection.

3.1. Spectral analysis methods

When obtaining spectral information from the agricultural 
environment, various factors such as climate change, environmen-
tal humidity, high temperature, human interference, and dark cur-
rent may cause interference [100]. These interferences introduce a 
lot of redundant information and noise into the spectral data. To 
improve the accuracy of disease detection and prediction, it is nec-
essary to preprocess the original spectral data to eliminate the 
irrelevant signals that may interfere with the model. Therefore,
effective spectral preprocessing methods are very important for
robust spectral data analysis. Researchers have developed various
preprocessing and analysis techniques to solve common problems
in spectral data, such as noise, baseline drift, and scattering effects
[101]. At present, the widely used preprocessing methods include 
Savitsky Golay (SG) smoothing, baseline correction (BC), multi-
plicative scattering correction (MSC), standard normal variate
transformation (SNV), wavelet transform (WT), and orthogonal sig-
nal correction (OSC) [102,103]. These methods can further improve 
the data quality and lay a solid foundation for subsequent analysis. 
After pretreatment, further analysis of the processed spectral data 
is needed to determine the presence and severity of crop diseases.
In the use of spectral data for agricultural disease monitoring, spec-
tral feature (SF) analysis and spectral index method are widely
used to accurately identify and predict crop diseases.

3.1.1. SF analysis
SF analysis involves extracting meaningful information by 

examining specific features within the spectral data, such as band 
reflectivity or absorption peaks. This process facilitates the identi-
fication of disease presence, classification, and severity. The suc-
cessive projection algorithm (SPA) is a feature selection method
based on least squares principles. This algorithm selects features
with the highest predictive power, thereby enhancing model gen-
eralization performance [104]. Notably, the SPA algorithm focuses 
on minimizing redundancy among variables but often overlooks 
the correlation between features and the target variable. Under 
small sample conditions, this may lead to the selection of unrepre-
sentative features, thereby reducing the model’s discriminative
power. The competitive adaptive reweighted sampling (CARS)
algorithm dynamically adjusts feature weights across sampling
iterations, selecting representative, and complementary feature
subsets [105]. CARS reduces the impact of spectral overlap and 
noise on results. However, it is relatively sensitive to sample distri-
bution, which may lead to unstable feature selection in scenarios 
with similar disease symptoms, blurred category boundaries, or
insufficient sample sizes, ultimately affecting the model’s robust-
ness and generalization ability. Combining CARS and SPA allows
for evaluating the importance of characteristic wavelengths in crop
disease spectral data [106]. For instance, data redundancy and 
covariance can be effectively handled using CARS, followed by 
SPA’s forward iterative search significantly reducing both the 
dimensionality and complexity of the data. This approach achieves
a balanced trade-off between the stability and discriminative abil-
ity of feature selection while efficiently processing spectral data
[107]. 

3.1.2. Spectral index analysis
The spectral index method calculates ratios or differences 

between various bands (often combinations of specific bands) to
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generate index values (such as NDVI, EVI, etc.). These derived met-
rics serve as proxies for assessing vegetation vigor, physiological 
stress, and pathogen-induced damage. Common indices include
the NDVI, soil-adjusted vegetation index (SAVI), and normalized
difference water index (NDWI) [108,109]. These indices reflect 
physiological states of vegetation through spectral changes in 
specific bands. Moreover, the spectral disease index, derived from 
various band combinations, can simplify crop diseases detection
using spectral sensors and predict the asymptomatic phase. This
is because different diseases uniquely alter the spectral character-
istics of crops [108]. The spectral index method provides an effec-
tive means for quantitative evaluation of vegetation growth and
large-scale vegetation monitoring using satellite remote sensing
technology.

3.2. Computer vision methods

Computer vision uses computational methods to simulate the 
visual ability of the human eye. By analyzing images or image
sequences, it isolates specific features and identifies physical
objects in complex environments [110]. Accurate and efficient 
image processing algorithms are key to ensuring the successful 
application of computer vision technology. Disease image prepro-
cessing is a critical step in crop disease image analysis. Its main
purpose is to eliminate irrelevant information and enhance the
characteristics of the disease area [111]. This process improves 
image fidelity and facilitates downstream correlational analyses.
Zhang et al. [112] implemented a comprehensive data augmenta-
tion framework for cucumber image datasets, including random 
cropping, rotation, shifting, resizing, horizontal flipping, and verti-
cal flipping. This preprocessing pipeline aimed to enhance data 
diversity and robustness thereby improve model generalizability
in crop disease recognition tasks. The preprocessed image needs
further feature extraction for disease classification and detection
[96]. Common features of crop disease images include color, tex-
ture, and shape features. In practical applications, relying on a sin-
gle feature is often not enough to meet the detection requirements.
Therefore, most images need to combine a variety of features cus-
tomized for specific disease conditions to improve recognition
accuracy [113]. Pydipati et al. [114] used the hue–saturation–inten 
sity (HSI) color model to transform images of grape leaves. Subse-
quently, the Canny edge detector was applied to enhance texture 
patterns, enabling robust disease identification in vineyard ecosys-
tems. However, in the early stages of infection, the disease features
on the crop surface may not be obvious, such as small lesions and
slight color or texture changes, which make it difficult for com-
puter vision methods to accurately identify them [115]. Therefore, 
combining with other related technologies, such as spectral analy-
sis and deep learning, can be used as an auxiliary means to
improve the accuracy and sensitivity of disease detection.

3.3. ML methods

ML methods can be used for accurate disease monitoring, to 
improve crop yield and quality. At the same time, the use of ML
can also significantly reduce labor costs and improve the accuracy
of farmers’ decision-making in crop management [7]. By analyzing 
datasets and features, ML can automatically detect patterns, mini-
mize manual intervention, improve efficiency, and effectively
reduce human bias [116]. In the field of ML, scikit-learn provides 
core functions such as classification, clustering, and model evalua-
tion, making it suitable for modeling and analyzing small to
medium-sized datasets.

ML can be divided into supervised learning and unsupervised 
learning. Supervised learning involves training on pre-labeled data
to predict labels for unseen data. Depending on the nature of task,
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labeling can be divided into regressio n and classification problems
[117]. Regression is used to predict continuous output values by 
mapping input variables to continuous functions. For instance, pre-
dicting disease severity levels from input images [118]. Classifica-
tion predicts discrete categories by mapping input variables to 
predefined sets. For example, classifying crop disease images into
distinct categories [119]. Common supervised learning models 
for crop disease monitoring include support vector machines
(SVM), k-nearest neighbor (KNN), and random forest (RF) [120– 
122]. Unsupervised learning uses unlabeled datasets to identify 
similarities and anomalies between the analyzed objects
[123,124]. Through clustering, anomaly detection, and dimension-
ality reduction, this technology provides strong technical support 
for pattern recognition, risk area division, and early disease detec-
tion. Unsupervised learning models commonly used in crop dis-
ease monitoring include k-means clustering and principal
component analysis (PCA) [120–122]. The evaluation metrics for 
ML models include accuracy, precision, recall, F1-score, area under 
curve (AUC)–receive r operating characteristic (ROC) curve, coeffi-
cient of variation, and clustering purity [125]. Utilizing these met-
rics helps objectively quantify model performance, thereby 
reducing subjectivity and inconsistency associated with human 
judgment. However, in complex scenarios or during the early 
stages of disease (when symptoms are inconspicuous), model pre-
dictions may still be uncertain. In such cases, expert verification
and feedback mechanisms are necessary to ensure further
reliability.

In practical applications, the applicability and reliability of ML 
methods may be affected by various factors. In the early stages 
of crop disease development, the affected areas are typically small 
and lack obvious color changes. Different diseases may exhibit 
highly similar visual features, such as spot shape, distribution,
and color depth, making them difficult to distinguish. This can lead
to classification errors and reduced recognition accuracy. When
multiple diseases occur simultaneously or their symptoms overlap,
the model’s discriminative ability is further compromised [126]. 
Moreover, the agricultural environment is highly complex and 
variable. Images captured in the field are often affected by unstable 
lighting (resulting in overexposure or underexposure), wind-
induced leaf movement (causing motion artifacts), and natural
occlusion from overlapping crops [127]. These factors hinder the 
accurate extraction of key disease features and significantly affect 
the model’s reliability and stability in real-world scenarios. Addi-
tionally, many existing studies rely on datasets collected from 
specific geographic regions or crop types. This leads to a decline
in the model’s performance when applied to different regions, cli-
mates, crop types, or even imaging devices.

Given the complexity of agricultural scenarios, specific model-
ing requires flexible analysis based on the actual problems. Key 
considerations for research and practical applications include: ① 
Data quality and quantity control: Both image clarity and annota-
tion accuracy directly impact on model performance. It is advisable 
to exclude samples that are blurry, heavily occluded, or inconsis-
tently labeled. Additionally, ensuring enough samples per category
is crucial to prevent overfitting or under-representation of minor-
ity classes. Data augmentation techniques, such as rotation, flip-
ping, and lighting variation can further enhance robustness [128]. 
② Class balance: Class imbalance is common in crop disease data-
sets. To address this, techniques such as over-sampling, under-
sampling, or applying class-weighted loss functions can help miti-
gate bias toward dominant categories and improve minority class
detection [129]. ③ Model selection and design: The model archi-
tecture should be tailored to the complexity of the specific task 
and the deployment constraints of the application environment.
This includes considering factors such as data size, required accu-
racy, computing resources, and real-time processing needs. ④
9

Multi-modal feature fusion: When feasible, integrating non-
visual data, such as temporal, geographical, and meteorological 
information with image features can enhance the model’s contex-
tual awareness and generalization ability across diverse scenarios
[130]. ⑤ Cross-environment generalization: To evaluate robust-
ness, independent test sets from different regions, seasons, or crop 
varieties should be established. This helps assess the model’s trans-
ferability and prevents overfitting to the training data distribution.
⑥ Deployment optimization: Real-world deployment demands
attention to inference latency, memory footprint, and energy effi-
ciency [131]. Techniques such as model pruning, quantization, 
and inference accelerati on can be employed to ensure practical
usability.

Given the limitations of a single method in disease detection, 
prediction and early warning, researchers are increasingly trying 
to combine various ML algorithms to build a more accurate and
robust disease detection model. Hatuwal et al. [132] found that 
when the leaf symptoms are not obvious and the incision has sim-
ilar texture, it is difficult to correctly identify the disease through 
visual inspection. Therefore, they combine various ML models,
such as SVM, KNN, and random forest classifier (RFC) to classify
and predict diseases in crop images.

3.4. Deep learning methods

In recent years, deep learning models, as an emerging technol-
ogy, have found widespread applications in agricultural disease
monitoring [133]. Unlike traditional data processing methods that 
require extensive preprocessing and manual feature extraction, 
deep learning models can automatically learn sophisticated fea-
tures directly from raw data [134–136]. Deep learning models 
can directly learn complex features from raw data, simplifying
the disease monitoring process and improving diagnostic accuracy
[97,137]. In deep learning, widely used frameworks such as Ten-
sorFlow and PyTorch are commonly employed to build and train 
models like convolutional neural networks (CNNs) and You Only 
Look Once (YOLO), offering excellent scalability and flexibility. 
Additionally, open-source projects and GitHub code repositories 
(such as model implementations based on the PlantVillage dataset) 
for crop disease recognition tasks provide researchers with freely
accessible and usable resources. Most of these tools can be quickly
installed via package managers like pip or conda and come with
detailed tutorials and pre-trained models, further promoting trans-
fer learning and ensuring the reproducibility of research results.

CNNs, a significant branch of deep learning, possess robust fea-
ture learning and representation capabilities. This enables CNNs to 
bypass complex feature extraction, selection, and design processes
in image recognition tasks, leading to their extensive use in crop
disease classification [138–140]. Pawara et al. [141] compared 
the performance of traditional pattern recognition techniques with 
CNN models using three distinct databases containing images of 
whole crops, fruits, and crop leaves (with relatively small sample 
sizes). The results demonstrated that CNNs significantly outper-
formed traditional methods in crop recognition tasks. However,
due to the complexity and diversity of agricultural scenarios and
diseases, further refinement of CNN architectures is required.
Senthil Pandi et al. [142] proposed enhancing CNNs by incorporat-
ing extended convolution and global average pooling (GAP). This 
improvement allows for efficient processing of high-resolution 
images with minimal memory consumption and accurate classifi-
cation of four rice crop diseases. The advent of YOLO technology
has led many researchers to apply it to agricultural disease detec-
tion due to its efficiency and superior performance. For instance,
Cardellicchio et al. [143] utilized the single-stage detector (either 
independent or integrated) of YOLOv5 to detect phenotypic traits
of tomato crops and assess their stress conditions. A key advantage
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of YOLO is its ability to simultaneously classify and locate objects, 
making it suitable for real-time or near-real-time disease identifi-
cation and monitoring [144]. Furthermore, to forecast the disease 
occurrence trends, time series algorithms are increasingly being 
utilized in agricultural contexts. By analyzing historical disease 
incidence data and integrating relevant environmental factors,
these algorithms can discern the periodicity of diseases and poten-
tial high-risk periods [145]. 

As deep learning technology continues to advance, agricultural 
disease monitoring is evolving toward greater intelligence and effi-
ciency. Researchers rely on numerous classical datasets, such as
PlantVillage, FieldPlant, and PlantDoc [146–148], for model train-
ing, validation, and evaluation, as shown in Table 2. 

These datasets cover a wide variety of crop types. Most publicly 
available datasets primarily consist of leaf images (RGB images) 
and are commonly used for visual classification and intelligent 
decision-making in crop disease detection. From the perspective 
of the data collection environment, existing datasets can generally 
be classified into two categories. The first type (e.g., PlantVillage) is 
collected under laboratory or controlled conditions, with clean 
backgrounds and uniform lighting. Such conditions are conducive 
to model training and feature extraction but often lead to poor gen-
eralization when applied to complex field environments. The sec-
ond type (e.g., PlantDoc) is collected in real-field environments, 
where images typically contain complex backgrounds, occluded
disease spots, and uneven lighting. This type of data is closer to
real-world application scenarios and is suitable for evaluating
model robustness under challenging conditions. In addition, some
datasets integrate multispectral images, thermal imaging, and
environmental factors (such as temperature and humidity) to
enhance model performance. Although a number of publicly avail-
able field-image datasets already exist, there remains a shortage of
large-scale, cross-environment datasets that cover multiple plots,
seasons, and lighting conditions. This gap limits the transferability
and practical deployment of deep learning models in multi-source,
heterogeneous, and highly variable agricultural scenarios.

3.5. IoT based methods

IoT has recently emerged as a cutting-edge technology for 
implementing distributed monitoring systems across various
domains of application [149]. In the context of agricultural disease 
monitoring, IoT offers significant advantages. By deploying an 
array of sensors (e.g., temperature and humidity sensors, soil mois-
ture sensors, and gas sensors), IoT technology can monitor multiple 
environmental parameters in real time and detect factors that may 
contribute to disease outbreaks (such as temperature, humidity,
precipitation, and soil pH). By analyzing of sensor-collected data
in conjunction with agricultural disease climate models, IoT sys-
tems can proactively identify potential disease risks and issue
timely early warning notifications [150]. For instance, when critical
Table 2 
Summary of public datasets on common crop diseases.

Datasets Crop types

PlantVillage Tomato, corn, apple, etc.

AI Challenger Crop Disease Dataset Apple, peach, grape, tomato, etc.
PlantDoc Apple, blueberry, cherry, corn, grape

orange, peach, sweet pepper, potato
FieldPlant Corn, cassava, and tomato
Rice Leaf Disease Dataset Rice
Wheat Rust Dataset Wheat
Cassava Leaf Disease Dataset Cassava

Banana Leaf Disease Dataset Banana
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thresholds for temperature, humidity, or precipitation are reached, 
the IoT system can automatically trigger alerts and recommend 
appropriate control measures based on the predicted disease type,
such as selecting suitable pesticide types or adjusting field man-
agement strategies [151–153]. Farmers can then take informed 
actions, such as adjusting irrigation, applying pesticides, or modi-
fying crop management practices, to mitigate disease spread and 
preserve yields. The application of IoT in agriculture is crucial for
enhancing productivity and minimizing crop losses due to diseases
[154]. Extensive research has been conducted in this area to 
improve disease identification. For instance, Krishna [155] devel-
oped an IoT system with short message service (SMS) alert capabil-
ities using NodeMCU for automated disease detection and
pesticide application. Fountas et al. [156] integrated cloud services, 
cloud computing, IoT, big data, and mobile technology to provide 
monitoring and disease prediction services for greenhouses and
orchards based on farmers’ needs.

3.6. Epidemiological model methods

The crop disease cycle outlines the pathogen’s life stages as a 
series of interconnected developmental phases, including dor-
mancy, reproduction, transmission, and pathogenicity. Each stage
transition is closely associated with environmental conditions,
crop growth status, and pathogen characteristics [157]. The various 
stages of the disease cycle form the theoretical foundation for mul-
tiple crop disease epidemic models. These models are designed to
systematically characterize disease transmission dynamics,
thereby elucidating the fundamental mechanisms governing
pathogen emergence and spread [158]. The primary application 
of disease epidemic models in predicting crop diseases primarily 
depends on mathematical and statistical methods. These methods 
simulate disease transmission dynamics within crop populations
and incorporate the influence of environmental factors to forecast
disease occurrence, spread, and potential impacts [29]. For 
instance, linear regression models can assess the impact of disease 
occurrence by analyzing single or multiple environmental factors
[159]. This method establishes statistical relationships between 
pathogen prevalence and abiotic drivers (e.g., temperature and 
humidity ). At present, dynamic models have been utilized in agri-
cultural disease monitoring [160]. Based on fundamental concepts 
from infectious disease epidemiology, these models simulate the 
dynamic process of disease transmission. Common models include
the SIR model (susceptible-infection-removed model) and its vari-
ants [161]. By quantifying the interactions between the host, 
pathogen, and environment, these models provide a scientific basis
for disease control.

The current mainstream algorithms for monitoring crop dis-
eases each have unique characteristics. Spectral data analysis 
offers high sensitivity and is suitable for early detection and pre-
cise management of high-value crops, although its data processing
Types of diseases Number of images

Fungal diseases, bacterial diseases, viral
diseases, and health-related diseases

> 54000 

A total of 61 types of common diseases > 50 000 
, 
, etc.

A total of 27 types of common diseases 2598 

A total of 27 types of common diseases 5170 
Bacterial blight, brown spot, and leaf smut > 4600 
Leaf rust 100 
Brown streak disease, mottled leaf 
disease, and mold spot disease

> 21000 

Leaf spot disease > 900 
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is complex. Machine vision methods primarily rely on RGB images 
to identify disease spots based on features such as color, texture, 
and shape. These methods are cost-effective, easy to deploy, and 
widely applicable. However, they are susceptible to lighting condi-
tions and background interference, and face limitations when pro-
cessing large volumes of RGB images. They are particularly suitable
for disease identification and preliminary field screening in crops
with distinct leaf spot symptoms, standardized planting practices,
and stable imaging conditions, such as tomatoes, potatoes, wheat,
cucumbers, and other economic or grain crops [162]. Traditional 
ML models perform efficiently when dealing with small and 
well-structured datasets, and require minimal computing 
resources. Therefore, they are suitable for areas with limited infras-
tructure, or situations where there are scarce research samples for
emerging diseases [163]. However, due to their reliance on manual 
feature extraction, these models have limited recognition and gen-
eralization capabilities in complex scenarios. Deep learning 
approaches offer powerful automatic feature extraction and high-
precision recognition capabilities, making them ideal for large-
scale, multi-disease, and multi-crop image analysis tasks. Never-
theless, they require substantial computational power and large
data volume, and practical deployment often necessitates model
compression and lightweight optimization. Agricultural IoT sys-
tems integrate various technologies to enable automatic data col-
lection, remote transmission, and distributed computing of crop
information [164]. They support disease development tracking 
and trend monitoring in field conditions, especially in intelligent 
agricultural scenarios such as greenhouses and unmanned farms. 
Each method has distinct strengths in terms of performance, appli-
cation environments, and deployment feasibility. By integrating
multiple algorithms and systems, it is possible to build an efficient,
intelligent, and practical crop disease monitoring and early warn-
ing system.
4. Applications for crop disease detection, prediction, and early
warning

4.1. Applications for crop disease detection

Crop disease detection is a crucial technology for ensuring food 
security, improving agricultural production efficiency, and achiev-
ing sustainable development. It provides important support for 
research on crop growth monitoring and precision pesticide spray-
ing. Early and accurate disease detection can effectively prevent
and control the spread of diseases, reducing pesticide use and envi-
ronmental pollution. This enhances crop yield and quality, mini-
mizes economic losses, and promotes the development of PA and
intelligent management [164]. It is also an important driving force 
for modern agricultural scientific and technological innovation and 
sustainable global agricultural development. A comprehensive
summary of applications in crop disease detection is shown in
Table 3 [112,165–194].

4.1.1. Crop growth monitoring
Advances in crop disease detection represent a significant tech-

nological shift in crop growth monitoring. This shift provides
strong support for PA, productivity improvements, and sustainable
development [195]. When crop diseases are not detected and con-
trolled in time, they can lead to widespread yield loss or a decline 
in crop quality. Timely monitoring and accurate disease detection
can effectively prevent the spread of diseases, ensuring the healthy
growth of crops [196]. The integration of advanced imaging and 
analysis technologies significantly enhances real-time monitoring 
of crop health. By utilizing HSI, thermal infrared detection, and
deep learning algorithms, these technologies can capture detailed
11
features of crop health from multiple dimensions, including leaf 
color, texture changes, temperature distribution, and growth struc-
ture information [197]. Crop growth monitoring systems provide a 
comprehensive understanding of the crop growth process by inte-
grating this data and employing advanced algorithmic analysis.
Some research of crop growth monitoring are shown in Fig. 5 
[166,198–202].

In recent years, with the continuous development of ML and 
deep learning algorithms, an important research direction in crop
disease detection is image-based analysis methods [7]. Due to 
the complexity of agricultural environments, the disease images 
collected often pose challenges for direct detection. Chen et al.
[97] proposed a new deep learning architecture, inception-VGGN 
(INC-VGGN). It is used for crop disease image recognition. This 
model is used to capture rice and maize disease images under 
heterogeneous illumination and a cluttered background. It combi-
nes image processing technology to classify and predict crop dis-
eases under complex conditions. In the agricultural environment
of the real world, the appearance of the same disease may be dif-
ferent, and there is a lack of image data that accurately represents
various conditions and symptoms encountered in practice. Jiang
et al. [176] applied the Mean Shift algorithm to segment four types 
of rice disease spots, from red stripe disease to blast disease and 
sheath blight. They manually extracted shape and color features,
followed by disease identification using an SVM classifier. In a
study by Van De Vijver et al. [203], the use of individual lesions 
and spots was explored, rather than analyzing entire leaves. This 
approach, which leverages the unique characteristics of each 
region, avoids the need for additional images to increase data vari-
ability. This method also aids to identifying multiple diseases that 
affect the same leaf. The results show that deep learning technol-
ogy can effectively detect and identify crop diseases when suffi-
cient data is available. However, the computational load
increases as more features are computed. Mahlein et al. [62] pro-
posed a globally pooled extended convolutional neural network 
(GPD-CNN) for identifying six common cucumber diseases. This 
method uses the global pooling layer instead of the full connected 
layer to increase the convolutional receptive field without increas-
ing the computational complexity. In addition, the extended con-
volution layer restores spatial resolution without increasing the 
number of training parameters. This method combines the advan-
tages of extended convolution and global pooling, controls the
computational load to a certain extent, and successfully maintains
the performance of cucumber leaf disease detection. In the process
of identifying tomato traits strongly influenced by biotic stress, the
adoption of the YOLO series algorithms has helped control the
computational load [204]. 

Compared to RGB images, spectral images have significant 
advantages in crop disease detection. These advantages are mainly 
due to their ability to provide richer and more detailed spectral 
information, which helps accurately identify and distinguish dis-
ease features from multiple dimensions. Accurate spectral detec-
tion of specific diseases can be achieved by evaluating the
spectral characteristics of pathogens at different developmental
stages and levels of disease severity [108]. Several studies have 
explored the use of spectral imaging to detect crop disease stress. 
Proximal sensing enables the generation of high spatial and spec-
tral resolution images. It can distinguish between leaf spot, pow-
dery mildew, and rust in beet crops caused by Alternaria [62]. 
Yuan et al. [205] explored the potential of hyperspectral sensor 
systems for differentiating multiple stress factors at the leaf level, 
identifying appropriate bands and SFs for identifying pressure 
source and estimating damage intensity. Structural and physiolog-
ical indices caused by yellow rust and powdery mildew exhibited
significant changes. Furthermore, PCA [206], cluster analysis, and 
artificial neural networks (ANNs) [204] were used to detect dis-
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Table 3 
A comprehensive summary of applicatio ns in crop disease detection.

Dataset characteristics/dataset
source

Technology/ 
algorithms 

Type of application Type of crop Application Reference 

390 images/3 classes real
environment

YOLOv5-CBAM-
C3TR 

Three types of apple diseases can be effectively
distinguished

Growth monitoring Apple [165] 

Customized; 
9000 images/5 classes

Faster R-CNN Develop a real-time apple leaf disease detection
system named ‘‘Deep Diagnosis”

[166] 

ResNet-50 and U-
Net

Tomato CropVillage; 
16415 images/9 classes

Automatic detection and estimation of diseases and 
their severity in tomato greenhouse crops

[167] 

CropVillage; 
1610 images/6 classes

Mask R-CNN Automatic detection and location of diseased areas
in tomato leaves

[168] 

Customized; 
4622 images/4 classes

MC-UNet The position of tomato leaf disease was highlighted [169] 

Customized; 
2 classes

MFORSFS A new feature selection technique [170] 

Customized; 
virus diseases

YOLOv5 The feature extraction capability of the model is
optimized through the visual attention mechanism

[171] 

Customized; 
16609 images/11 classes

RIC-Net Tomato disease type and severity were detected 
and classified using multi-branch networks and
destructive learning techniques

[172] 

Rice Customized; 
6 classes

YOLOv3 A LINE Bot system to diagnose rice diseases from
actual paddy field images

[173] 

Rice diseases were monitored on global images
through the attention-driven DMD preprocessing
mechanism.

Rice disease dataset; 
DMD_preprocessed 3; 416
images/4 classes

DMD [174] 

Combined with two-stage classification method to 
improve the efficiency and accuracy of rice blast
detection

CropVillage; 
60000 images/blast disease

CNN and SVM [175] 

Customized; 
8911 images/4 classes

CNN and SVM An efficient automated identification system for
rice leaf diseases

[176] 

Potato Customized; 
2120 images

ECLF-CS, YOLOv3, 
and Faster R-CNN

Abnormal potato leaves are detected considering
the growth stage

[177] 

Customized; 
50 samples/5 classes

PLS and BP Potato diseases were analyzed using visible and NIR
spectral data

[178] 

The symptom images were segmented from 
cucumber leaf images captured under field
conditions

Cucumber Customized; 
1184 images/4 classes

DCNN [179] 

Customized; 
600 images/6 classes

GPDCNN Combined with expansive convolution and global 
pooling, the recognition accuracy is improved

[112] 

Wheat disease diagnosis system under complex real
environment

Wheat WDD 2017; 
9230 images/6 classes

DMIL-WDDS [180] 

Candidate hot-spot
detection

Over 3500 images/3 classes Address the accuracy limitations of existing image 
recognition technology in natural light conditions
and multi-device environments

[181] 

Cauliflower VegNet; 
7360 images/4 classes

EfficientNetB1 Cauliflower disease detection and classification [182] 

Corn Customized; 
12332 images/4 classes

DenseNet Automatic recognition and classification of maize
leaf diseases

[183] 

Multispectral 
imaging 
technology

Grape Customized; 
35 images/powdery mildew

To study the effect of different viewing angles on
early to middle stage disease detection

[184] 

Citrus Citrus disease image; gallery 
dataset; 
90 images/6 classes

PCA and M-SVM Automated citrus disease detection leveraging 
optimized weighted segmentation and advanced
feature selection

[185] 

Maize Customized; 
4188 images/4 classes

SqueezeNet Detection and forecasting of maize leaf diseases [186] 

Spraying Rice CIR and FOIS MLP Real-time detection of disease patches and 
generation of spatially variable spray maps for
precision-guided spraying

[187] 

Rice Proximity sensor, microcontroller, 
and web camera

CA The pesticide application rate is intelligently 
adjusted based on the severity of rice leaf disease

[188] 

Environmental monitoring
sensors

Carrot TOM-CAST The spraying time is determined based on the
cumulative DSV

[189] 

Automated crop disease identification and precision
spraying

Wheat, rice, 
and soybeans

SMART drone system ResNet [190] 

Grape 3-CCD, R-G-NIR, and CROPS R-G-NIR A selective spraying system based on a modular
agricultural robot

[191] 

Yield estimation Maize Customized; 
1796 images/2 classes

k-means A standardized scale was used to predict disease
severity and estimate crop loss

[192] 

10 Kinds of
crops

CropifyDr dataset VGG16 Attention-based hybrid crop disease detection 
network and crop yield prediction network

[193] 

Rice and
tomato

CropVillage and National Weather
Service

CNN and ANN Crop yield prediction using disease data, weather
conditions, and crop status information.

[194] 

CBAM: convolutional block attention mechanism; C3TR: C3-transformer; R-CNN: regions with convolutional neural networks; MC-UNet: multi-scale convolution module; 
MFORSFS: MFO-rough-set selection; RIC-Net: residual, inception, and attention convolutional network; DMD: dynamic mode decomposition; PLS: partial least squares; BP: 
backpropagation; DSV: disease severity value; DCNN: deep convolutional neural network; GPDCNN: global pooling dilated convolutional neural network; DMIL-WDDS:
wheat disease diagnosis framework based on deep multiple instance learning; M-SVM: multi-class support vector machine; MLP: multilayer perceptron; CA: chromatic
aberration; TOM-CAST: tomato disease forecaster; R–G-NIR: red–green-near infrared; VGG16: visual geometry group 16-layer network; ANNs: artificial neural networks.

12
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Fig. 5. Applications of crop disease detection for crop growth monitoring. (a) Detection of small-sized apple disease lesions [166]. (b) Spatial distribution mapping of apple 
fire blight using multi-spectral remote sensing [198]. (c) Discrimination of potato leaf lesions from visually similar soil backgrounds via Mask R-CNN [199]. (d) Disease spots 
detection effect in wide visual field [200]. (e) Probability distribution identification enhanced by ‘‘control target category” training paradigm [201]. (g) Multispectral imaging-
based fire blight detection with environmental adaptability [202].
eases caused by pathogenic fungi in tomatoes. Ray et al. [207] suc-
cessfully monitored the developmental stages of Phytophthora 
using 512-channel spectroradiometers at wavelengths of 540, 
610, 620, 700, 710, 730, 780, and 1040 nm, capturing data across 
the 325 to 1075 nm range. The automated system for detecting 
and identifying disease symptoms could evaluate the entire area.
This increases the coverage of reconnaissance, improves the possi-
bility of identifying disease hotspots and the accuracy of disease
identification, reduced the man hours required for monitoring
[208]. Currently, several remote sensing-based technologies have 
been developed for crop phenotype analysis and disease detection
[67]. MacDonald et al. [209] extracted spectral and spatial features 
from UAV hyperspectral images and employed classification and 
regression trees to detect grapevine leaf roll disease. In another
study [210], a RF classifier was used to analyze UAV multispectral 
images to distinguish wheat yellow rust infection at various devel-
opmental stages. Compared to UAVs, satellite remote sensing can
cover a larger area, allowing for monitoring of crop health through
satellite imaging [211]. Yuan et al. [212] proposed a new crop dis-
ease monitoring method based on Worldview 2 and Landsat 8 
satellite data, which combined vegetation indices and environ-
mental characteristics to reflect the regional spatial distribution
of crops and diseases.
13
4.1.2. Precision crop spraying systems
Crop disease detection can also be applied in precision spraying

systems [213]. These systems use real-time monitoring, effective 
diagnostic algorithms, advanced sensors, microcontro llers, and
software tools to facilitate accurate agricultural interventions
[214]. This approach reduces waste while pollution and promotes
environmental sustainability [188]. In recent years, driven by the 
growing concern about food safety, the research on precision 
spraying systems for crop disease management has made remark-
able progress. Some studies on precision crop spraying systems are
shown in Fig. 6 [62,215,216].

For instance, a study conducted in Wisconsin, USA, examined 
leaf surface diseases in carrots caused by interbreeding bacteria. 
The study established a disease severity value (DSV) threshold
for fungicide application, achieving a 30% to 50% reduction in
fungicide usage without compromising disease control or root
yield [189]. Spatially accurate disease data collection and efficient 
processing have proven essential in supporting informed spray 
decisions. An intelligent multi-senso r fusion decision system based
on neural networks offers technical support for targeted leaf sur-
face disease spraying [187]. Esau and Zaman [217] developed a 
machine vision-based variable-rate sprayer for spot application 
of fungicides in wild blueberry fields. It uses image processing
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Fig. 6. Applications of crop disease detection for precision crop spraying systems.
(a) Proximal field disease sensing platform [62]. (b) Autonomous agricultural 
disease monitoring robots [215]. (c) Crop canopy-optimized precision sprayer
system [216]. (d) Dubbed a scouting robot, SentiV makes use of its near-sensing 
abilities to keep its eye on the crops (Meropy). (e) Using artificial intelligence (AI) 
technologies, an engineer in Morocco has developed a small robot that can detect
and identify crop diseases. (f) PhytoPatholoBots (PPB) will roll through vineyards,
using computer vision to gather data on the physiological state of each grapevine
(Cornell University).
technology to distinguish between bare spots and leaves in real 
time, ensuring that chemicals are sprayed only on the necessary
areas. Samseemoung et al. [218] designed and tested a variable 
speed chemical sprayer equipped with a remote monitoring sys-
tem, which is specially used for disease control in coconuts. The 
system uses image processing algorithms to estimate disease den-
sity and accurately apply chemicals where needed. Unmanned aer-
ial vehicles can cover large areas of farmland in a short time to
improve the spraying efficiency, especially for large-scale agricul-
tural production. They are particularly effective in areas with com-
plex terrain or inaccessible equipment, and can more efficiently
complete spraying tasks. Recognizing this potential, Latif et al.
[190] proposed the SMART UAVS system. The system integrates 
high-precision cameras, powerful computing capabilities, and 
advanced image processing methods to automatically monitor
agricultural areas, identify diseased crops, and determine the type
and amount of chemicals required [219]. Images are uploaded via 
the elastic compute service (ECS) to generate reports, and commu-
nicate with the farm base through the user-friendly human–com-
puter interface (HCI). Additionally, Luo et al. [220] applied 
genetic algorithms to optimize pesticide spraying tasks in multi-
UAV systems. The test on rectangular fields shows that the accu-
racy of the model is better than that of the traditional manual
application method, although its applicability in the field of shape
change has not been verified.

4.1.3. Other application s
Crop diseases are one of the main reasons for agricultural losses, 

leading to large-scale crop losses, a sharp decline in output and
economic losses for farmers [221]. By monitoring the occurrence 
and development of diseases and assessing their impact on crop 
growth, the growth status and final yield of crops can be predicted,
providing valuable guidance for farm management [222]. The 
promising results of ML and deep learning algorithms in pattern 
recognition, object detection and data analysis have encourage
researchers to apply these technologies for detect and estimate
crop yield loss [223]. Lee et al. [194] proposed a self-predicting 
crop yield platform (SCYP) based on crop diseases. The platform 
uses deep learning technology to collect weather data (such as 
temperature, humidity, sunshine, rainfall, etc.) and farm status 
data (including harvest date, disease status, crop health, and
ground temperature). The platform uses CNN to diagnose crop
diseases, and uses ANN to predict the final crop yield, considering
14
factors such as climate change and disease conditions. Kundu et al.
[192] developed a deep learning-based framework, called the 
‘‘early maize disease detector and evaluator”. The framework is 
designed for the early detection of various diseases, such as rust, 
in maize crops. The system automates disease detection, classifica-
tion, severity assessment, and crop loss estimation. By manually 
visualizing the region of interest and calculating the affected area,
the system predicts disease severity based on the rating scale, and
is used for disease prediction and smart crop loss estimation. Early
disease detection and appropriate mitigation measures based on
established crop conditions are critical for improving crop produc-
tivity [224]. IoT technology plays a pivotal role in supporting intel-
ligent agricultural managemen t systems. Varun Kumar and Gopi
Krishna Rao et al. [193] developed an IoT-based smart agriculture 
model. It uses a mixed attention-based approach to perform crop 
detection, disease detection, and yield prediction, with parameter
optimization achieved through the attack power improved sailfish
optimizer (API-SFO) method.

When screening the resistance of crop varieties, advanced 
detection techniques can facilitate the evaluation of the resistance
of different varieties to specific diseases [225]. In the context of 
breeding and genetic research, crop phenotype includes a series 
of complex traits, including geometric structure, abiotic stress tol-
erance, disease resistance and other physiological and biochemical
characteristics [226]. The integration of remote sensing, computer 
vision, and multiple sensor technologies enables the measurement 
of various disease-related traits such as color, texture, crop height,
area, volume, degree of wilting, etc. [227]. Using the integrated dis-
ease detection system, researchers can monitor and evaluate the 
growth performance of various crop varieties under different dis-
ease pressures [228]. In addition, these multidimensional data 
enable scientists to establish a strong link between genotype and 
phenotype, optimizing crop variety selection and identifying
high-yield and disease resistant varieties suitable for specific envi-
ronments [229]. Prithiviraj [230] proposed a hybrid ML approach 
that combines linear regression and logistic regression to identify 
and extract unique traits from diverse crop species. The system col-
lects detailed disease resistance data of multiple crop varieties and 
applies a hybrid ML algorithm based on modified datasets. Using 
linear regression to identify variables closely related to the 
required attributes helps screen appropriate new crop varieties. 
Logistic regression analysis classifies data, including disease resis-
tance genes and nutritional variables affecting crop quality. The
multi-technology integration system not only improves the accu-
racy of crop disease monitoring, but also accelerates the selection
and optimization of crop varieties. Through these advanced detec-
tion and analysis methods, crop breeding can more effectively
select disease-resistant and adaptable varieties, providing more
sustainable solutions for agricultural production [231]. 
4.2. Applications for crop disease prediction

In traditional agricultural disease management, diagnosis typi-
cally depends on the appearance of visible symptoms. However, 
by the time symptoms become apparent, the disease has already
progressed and may lead to substantial crop losses [232]. In the 
asymptomatic stage, pathogens may already exist in crops, even 
without obvious external manifestations. They will also have a 
negative impact on their growth and yield. Therefore, the tradi-
tional visual inspection methods are not enough to carry out early
detection during the incubation period, which delays the timely
implementation of disease prevention and control measures
[233]. Early detection of crop diseases before symptom onset 
enables targeted and proactive disease management [234]. Some 
research of crop disease prediction are shown in Fig. 7 [235–237].
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Fig. 7. Applications for crop disease prediction. (a) Schematic illustrations of the proposed VSA based on piezoelectric cantilever for crop diseases diagnosis [235]. (b) False-
color image of tomato crops infected with grey mold. As the infection progresses, the leaves curl downward [235]. (c) A multimodal crop-wearable sensor patches capable of 
simultaneously detecting biochemical and biophysical parameters in individual crops [237]. GO: graphene oxide; Si: silicon; CE: counter electrode; RE: reference electrode; 
SS: sensing electrode; WE: working electrode; VOC: volatile organic compounds.
Early intervention can reduce the spread of disease, minimize 
crop losses, and significantly reduce the use of pesticides. A com-
prehensive summary of applications in crop disease prediction
applications is shown in Table 4 [22,64,87,90,187,234,238–245]. 
Healthy crops usually release certain types and concentrations of 
VOCs. However, once infected, the pathogen alters the metabolic
processes of crops, resulting in the release of VOCs with different
components and concentrations [246]. For instance, some fungal 
and bacterial diseases trigger the secretion of stress response com-
pounds and change the distribution of volatile gases in crops. The
e-nose technology, which simulates human olfactory system, can
detect these VOCs to identify crop stress or disease. Cen et al.
[64] integrated e-nose technology with an intelligent system, ana-
lyzing sensor-captured ‘‘odor signatures” to distinguish between 
healthy crops, infected crops, and crops in the early stages of dis-
ease. This method can be used to detect potential diseases in crops.
However, affected by environmental conditions, crop species, and
disease progress, the complexity and variability of VOCs released
by crops pose challenges to achieving accurate recognition [247].

In contrast, spectroscopic techniques assess crop health by ana-
lyzing how crops absorb and reflect light at different wavelengths. 
Studies have shown that pathogen infection causes physiological
and biochemical changes in crops, thereby altering their spectral
characteristics [46]. For example, healthy crops usually show low 
reflectivity in the visible spectrum due to pigment absorption 
(such as chlorophyll and anthocyanin). They show high reflectivity 
in the NIR region due to light scattering in the leaf cell structure.
However, infected crops display altered reflectance patterns in
these regions [238]. Additionally, in the SWIR spectrum, because
15
the strong absorption of water and protein, healthy crops usually 
show low reflectivity, while infected crops show different spectral
changes [248,249]. Spectral technology uses these subtle spectral 
changes to detect crop infection before visible disease symptoms
appear, promoting early intervention.

With its powerful pattern recognition ability, ML can identify 
potential disease features from high-dimensional data. Recently, 
many researches have combined ML technology with spectral data
to detect the asymptomatic stage of crop diseases [250]. For 
instance, Kumari et al. [251] developed a device for detecting 
and estimating the severity of groundnut bud necrosis virus 
(GBNV) in tomato crops using a ML-based approach. The research-
ers inoculated tomato crops with GBNV and monitored changes in 
their morphological and spectral characteristics. They then evalu-
ated the classification performance of various ML algorithms, and
used decision tree (DT) classifiers to analyze and classify disease
severity. Cen et al. [64] proposed a detection model for tomato 
white wilt based on optimal spectral characteristics. In this study, 
sequential forward selection (SFS), simulated annealing (SA), and 
genetic algorithm (GA) were used to extract key vegetation indices.
The SVM classifier was used to detect the diseased tomato in the
NIR band. In contrast, deep learning can directly extract deep fea-
tures from raw spectral data. Cui et al. [239] constructed a dual-
channel convolutional neural network (DC-CNN) model based on 
spectral and spatial information, achieving early detection of apple 
canker by integrating three dimensional (3D)–CNN and one dimen-
sional (1D)–CNN. Various spectral preprocessing methods are used
in conjunction with the Grad CAM algorithm to generate saliency
maps and gradient histograms, which intuitively explain the clas-

move_t0020


J. Yan, H. Wu, Z. Diao et al. Engineering xxx (xxxx) xxx

Table 4 
A comprehensive summary of applicatio ns in crop disease prediction.

Type of 
monitoring 
Information

Type of crop Sensos and systems Technology/algorithms Application Reference 

Spectral 
information 

Apple Spectral camera PS-V10E OSP The most suitable spectral bands were apple malus
martensii ring rot in apple crops

[238] 

SOC-710 VP DC-CNN Early detection of apple branch lesions through the
integration of spectral and spatial information

[239] 

Rice FieldSpec 4 SVM-SFFS To investigate the spectral and biochemical alterations 
occurring during rice leaf blast infection

[240] 

NeoSpectra SVM and RF Early diagnosis of rice sheath blight [234] 
FLIR C2 CNN Thermal imaging captures temperature changes in

early rice infection
[49] 

Strawberry Headwall; HyperspecTM; VNIR SAM, SDA, and CM A non-invasive approach for determining the infectious
stage of anthrax

[241] 

Mango Spectral evolution SM-1900 RF, SVM, PCA, and LDA Spectral variations of mango black rot from
asymptomatic to mild infection were analyzed

[242] 

Winter wheat FOIS and CCD QDA and MLP Multisensory data reveal distinct spectral reflectance
between healthy and diseased crops

[187] 

Potato 3DR IRIS+ MLP, CNN, SVR, and RF Predicting the impact level of Phytophthora infestans
on potato crops

[243] 

Black pepper Nikon Coolpix, Sony DSLR, and
Android phone

CNN Early-stage leaf disease detection in black pepper [244] 

Citrus V10E and MV-D1312 PLS and KNN Effective differentiation of citrus disease stages and
healthy leaves

[245] 

Fungal infection is detected 1 to 3 days before symptom
onset

CCD and He-Ne laser SVM and ANN [252] 

Tomato HS-VN1000B GA-SVM The early detection of tomato bacterial wilt disease 
during the curling stage of the top leaves

[64] 

Sugar beet ASD FieldSpec Pro FR and
Minolta Camera Ltd.

SVM, ANN, and DT Distinguish diseased from healthy beet leaves to detect
disease before symptoms appear

[22] 

VOCs Tomato E-nose (PEN 2) GC-MS, BPNN, and PCA Non-destructive VOC analysis for identifying and 
classifying tomato disease types and severity

[253] 

Blueberry Cyranose 32 Bayesian classifier Using a gas sensor array for blueberry postharvest
quality assessment and fungal disease detection

[254] 

Garlic E-nose PCA, SVM, and LDA Unique VOC patterns from different fungal infections 
were analyzed to distinguish garlic infection types

[87] 

Kiwifruit Customized; 
e–nose system

CFS, PCA, and MLPNN Early detection and monitoring of Botrytis cinerea in
Hayward kiwifruit.

[90] 

OSP: orthogonal subspace projection; SFFS: sequential floating forward selection; VNIR: visible and near-infrared; SDA: stepwise discriminant analysis; LDA: linear dis-
criminant analysis; QDA: quadratic discriminant analysis; DSLR: digital single-lens reflex camera; KNN: k-nearest neighbor; GC-MS: gas Chromatography–mass spec-
trometer; BPNN: backpropagation neural network; CFS: correlation-based feature selection; MLPNN: multilayer perceptron neural network.
sification mechanism of the model. This study verified the effec-
tiveness of HSI combined with DC-CNN in the early detection of
apple canker. Additionally, Bhakta et al. [49] analyzed an improved 
deep convolutional neural network (DCNN). The research team 
used thermal imaging technology to capture the temperature 
change characteristics of crops affected by diseases, and designed
an optimized DCNN structure to achieve phased detection of rice
diseases.

4.3. Applications for crop disease early warning

Crop diseases are often influenced by various factors such as cli-
mate, environment, and pathogens. By using these factors for dis-
ease early warning and trend prediction, environmental pollution
and pesticide residues can be reduced and the accuracy of preven-
tion and control can be improved [255]. In addition, early warning 
and trend prediction enable farmers to accurately control diseases 
before they break out, saving a lot of resources and costs, and pre-
venting high losses caused by the spread of diseases on a large
scale [256]. In recent years, the adoption of new information and 
communication technologies (ICTs) such as the IoT [257], remote 
sensing [258], and cloud computing [259] is motivating the spread 
of PA. AI, particularly ML algorithms, is capable of processing data 
obtained from remote sensing, sensors, and other monitoring sys-
tems. Potential disease signatures within complex agricultural
datasets can be effectively analyzed and identified [17]. A compre-
16
hensive summary of applications in crop disease early warning is
shown in Table 5 [25,77–79,85,145,260–269].

4.3.1. Early warning models based on spore sensing
The spores of crop diseases in the air pose a serious threat to 

agricultural production and may impact human health. Therefore, 
monitoring the dynamic distribution of disease spores in the air 
and implementing effective control measures have important prac-
tical significance. As an advanced technology, spore analysis has
been widely utilized in the field of crop disease monitoring and
control [78,270]. By identifying pathogen spores before to the 
manifestation of disease symptoms, can be provide early warnings
regarding disease spread trends. Some studies on spore sensing
and warning are shown in Fig. 8 [271]. This approach allows for 
timely implementation of preventive measures, thereby minimiz-
ing potential losses [77]. Currently, various methods for detecting 
crop disease spores have been proposed, including microscopic 
morphological identification and molecular biological techniques 
such as PCR and quantitative polymerase chain reaction (qPCR).
However, these methods generally require complex experimental
procedures and the use of multiple reagents, resulting in poor
experimental repeatability [272] and limited real-time detection 
capabilities. To address these challenges, Yang et al. [78] developed 
a convenient, intelligent, and low-cost spore detection device. The 
device uses lens imaging technology and complementary metal
oxide semiconductor (CMOS) modules, so it does not need the
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Table 5 
A comprehensive summary of applicatio ns in crop disease early warning.

Type of 
monitoring 
information

Dataset 
characteristics/dataset 
source

Type of crop Technology/algorithms Application Reference 

Global rust monitoring
system

Spore Wheat Lagrangian Predict pathogen transmission pathways [260] 

Microfluidic chip PCR and PVR Portable blast spore detection device [78] 
Microfluidic chip, CCD, and
GaiaMicro

Rice CARS and CNN Microfluidic chip-based detection of rice disease spores
combined with micro-hyper spectroscopy

[79] 

Microfluidic chip SCARS-SVM Two-stage microfluidic chip for pathogen isolation and 
Enrichment with a curved pretreatment channel

[85] 

Tomato and
cucumber

Polarization camera and
diffraction–polarization
device

Detection of airborne pathogen spores in greenhouse
crops

SVM and PCR [261] 

Fungal spores were detected using a portable 
volumetric spore trap combined with microscope image
processing

CMOS (LAAF2569) KNN, RF, and SVM [77] 

Environmental 
factors 

Citrus Maculopathy incidence and 
severity from 2013/14 to
2015/16

LMM Effects of weather, fruit location, tree age, and health on
citrus black spot incidence and severity

[262] 

38 Kinds of crops PEMRs CNN-BiLSTM-Attention Regional disease prediction is formulated as a time
series task

[263] 

Rice blast reports and 
meteorological data (2006–
2013)

Rice SVM and ANN A rice blast prediction system was developed [264] 

Generate classification rules in both static and dynamic
environments

Customized; 
500 images/3 class

IPSO [265] 

12 Kinds of crops 4 503 Images/22 class PPLC-Net A novel meteorological data augmentation method
expanded the sample size

[266] 

Cotton Customized; 
15343 samples/10 class

Bi-LSTM Climate factors and atmospheric circulation parameters 
were integrated to predict disease occurrence

[145] 

Wheat Customized; 
151 quadrats (2010–2012)

Logistic regression Wheat PM occurrence probability model [267] 

PCA and linear
regression

90 Sample points/scab Scab estimation using remote sensing and
meteorological data

[268] 

Multispectral data acquired 
from the IRS satellite system

SVM and RF Satellite data and weather forecasting models are 
utilized to identify potential regions at risk of yellow
rust outbreaks

[269] 

Tomato and
potato

From the agro-weather
station

GLAIR Automatic disease monitoring system integrating IoT
technology and expert systems

[25] 

CMOS: complementary metal oxide semiconductor; SCARS: stability competitive adaptive re-weighting; PM: powdery mildew; IRS: Indian remote sensing; LMM: linear 
mixed model; PEMRs: plant electronic medical record; CNN: convolutional neural network; BiLSTM: bidirectional long short-term memory; GLAIR: grounded Layered
architecture with integrated reasoning.

Fig. 8. Model diagram of the asexual life cycle and simulated pathogen life cycle of strawberry powdery mildew [271]. TPd: daily temperature; IE: infection efficiency; SR: 
sporulation rate; SI: secondary inoculum; ID: inoculum dropout; IIL: initial inoculum load; ILS: inoculum load switch; IID: initial inoculum dropout; GR: germination rate of 
conidia; IS: intensity of sporulation; CG: conidia germination; CGD: conidia germination dropout; GC: germinated conidia; CA: colonized area leaf; LS: lesion size; LIR: lesion
increase rate; CPLAD: cumulative proportion of leaf area diseased; LG: lesion growth; HLA: healthy leaf area; NL: number of leaf.
complex optical structure in traditional microscopes. In addition, 
the device includes a microfluidic chip, which can separate and 
enrich spores from the air while filtering impurities. By integrating
the microfluidic chip with the lenses imaging module, the device
realizes spore enrichment and detection. The application of this
17
technology improves the efficiency and intelligence of disease 
spore detection. Zhang et al. [85] designed a two-stage separation 
and enrichment microfluidic chip with an arc-shaped pretreatment 
channel specifically for separating and enriching crop disease
spores. The researchers used PCA to reduce the dimensionality of
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Raman spectral data and employed methods such as stability com-
petitive adaptive re-weighting (SCARS), SVM, and backpropagation
artificial neural networks (BPANN) to identify fungal spores. Yang
et al. [273] proposed a method for identifying rice blast based on 
the diffraction fingerprint texture of crop disease spores. This 
method analyzes the light field and texture features of the diffrac-
tion image, and combines manual recognition with the machine 
recognition to detect and compare the rice blast spores. In view 
of the possible existence of various disease spores in the agricul-
tural environment, researchers used various image preprocessing
techniques, such as mean filtering, Gaussian filtering and the max-
imum variance between classes (OTSU) method for binarization, to
extract multiple features of spores. These features are then inte-
grated with several ML algorithms for remote classification and
recognition [274].

4.3.2. Early warning models based on weather data
The incidence of crop diseases is significantly influenced by 

changes in weather and environmental factors. The occurrence of 
diseases is closely linked to environmental conditions, interactions 
between host crops and pathogens, and this relationship is encap-
sulated in the ‘‘disease triangle” model. The disease triangle 
emphasizes the interaction between environment, host and patho-
gen, and highlighting that favorable environmental conditions are
the catalyst for disease development. According to this model,
when pathogens encounter susceptible hosts under favorable envi-
ronmental conditions, diseases will show up [275,276]. Therefore, 
in modern agriculture, monitoring meteorological parameters is
crucial for forecasting disease outbreaks [277]. By leveraging 
real-time data collection and analysis from weather forecasting 
systems and agricultural meteorological networks, the potential
impact of different environmental conditions on disease incidence
can be assessed [17]. Researchers can establish predictive models 
by correlating historical meteorological patterns with disease out-
breaks, thereby strengthening early warning systems [135]. These 
forecasting models enable farmers to implement prevention and 
control measures in a timely manner, thereby reduces disease
transmission and improves agricultural productivity and stability
[278]. Some studies utilizing meteorological factors to predict dis-
ease occurrence are presented in Fig. 9 [25,279,280]. 

Significant progress has been made in intelligent diagnosis of 
crop diseases, but it is still a significant challenge understanding
the evolution pattern of these diseases and predict their regional
Fig. 9. Disease early warning by climate monitoring. (a) The agri-weather station insta
station (bottom) used to monitor climate variables at the grape canopy level [279]. (c) 
chamber [280]. 
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trends. To better understand the impact of climate change on crop 
diseases, it is essential consider the role of climate change in dis-
ease development [19]. Investigating the influence and numerical 
ranges of various meteorological factors on crops can offer valuable
guidance for agricultural production [262]. For instance, Fagodiya 
et al. [19] observed fluctuations in temperature, precipitation, 
and relative humidity, revealing that early sowing makes soybeans 
susceptible to Alternaria leaf spot, thus recommending farmers to 
delay soybean cropping. Modeling methods can provide predictive
insights into crop disease dynamics under different climatic condi-
tions, accounting for the complex interactions between climate,
host, and pathogen [281]. In existing crop disease development 
simulations, integrating mechanistic models with dynamic crop 
models is considered feasible, given that host-pathogen systems
are driven by climatic factors [282]. For example, Caubel et al.
[29] utilized the mechanistic simulator multi-disciplinaries pour 
les cultures standard-integrated model for Alternaria (STICS-
MILA) model to simulate the response of wheat leaf rust pathology 
under climate change. Through the dynamic coupling of MILA and 
STICS models, the study underscores both direct and indirect
effects of climate on the disease epidemic cycle. ML and deep
learning provide more accurate, efficient, and intelligent tools for
weather prediction. Dai et al. [266] proposed a deep learning 
model, named plant disease identification and classification net-
work (PLC-NET), that combines extended convolutions, multilevel 
attention mechanisms, and GAP layers. The model integrates tradi-
tional data augmentation techniques with a weather variation 
strategy to effectively simulate data diversity in complex agricul-
tural environments. This approach helps mitigate the problem of
uneven data distribution and significantly enhances the model’s
generalization ability of the model. Moreover, the plant electronic
medical record (PEMR) developed by Xu et al. [283], introduces a 
novel approach for regional crop disease prediction. PEMR is a dig-
ital crop medical record that is stored, managed, transmitted, and 
reproduced electronically via a question-and-answer process 
between crop doctors and farmers. These electronic records not
only facilitate retrospective analysis but also have the potential
to predicting disease occurrences. Leveraging the characteristics
of PEMR, Xu et al. [263] developed a new spatiotemporal combina-
tion model, CNN-bidirectional long short-term memory network 
(BiLSTM)-Attention. This model utilizes the spatial information 
extraction ability of CNN and the ability of BiLSTM to capture tem-
poral dynamics, while the simplified attention mechanism high-
lled in an agriculture field [25]. (b) The experimental farm (top) and the weather 
Environmental monitoring points inside and outside the cucumber downy mildew
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lights important features. In addition, researchers calculate disease 
trends by linearly integrating the prediction results of each subse-
quence, extracting key information and revealing the potential
relationship between different disease occurrence points.

With the continuous advancement of intelligent agriculture, the 
application of IoT technology in crop disease early warning has 
become an important research area. The agricultural IoT uses sen-
sors to monitor the crop growth environment and realize real-time
tracking of key factors such as greenhouse gases, soil moisture,
temperature, and light [284]. A novel IoT-enabled agricultural 
cyber-physical system (A-CPS) integrates IoT technology with deep 
learning models to optimize agricultural production management. 
This system incorporates durable soil moisture sensors and camera
modules, combining crop disease detection systems with edge
devices and cloud services to achieve intelligent disease detection
and PA management [285]. The rapid development of AI and AI-
enhanced IoT has facilitated their application across diverse envi-
ronments, including agriculture [286]. Al-Otaibi et al. [287] devel-
oped a decision support system (DSS) based on AI and IoT. It uses 
Arduino boards equipped with the necessary sensors to collect 
real-time data from agricultural environments. The data is trans-
mitted to the centralized module and analyzed by the DSS powered
by AI. The DSS accurately determines whether the captured data
indicates the potential bacterial stem and root disease in maize.
5. Challenges and future trends

Crop disease monitoring research has experienced a remarkable 
transformation. Remote sensing, data analysis and AI have opened
new avenues for studying crop disease monitoring research. How-
ever, several key challenges remain.

In terms of model construction: ① Real-time disease detection 
in complex agricultural environments. Agricultural environments 
are often very complex. Background noise, different light conditions 
and different growth stages of crops are the major obstacles to
accurate and timely identification of diseases [288]. At the same 
time, different crop patterns, soil conditions, and climate change 
can affect the performance of monitoring systems. ② Early predic-
tion of crop diseases. Many crop diseases initially present with sub-
tle symptoms, or resemble non-disease factors such as water stress
or nutrient deficiencies, resulting in lower accuracy of early detec-
tion [289]. Additionally, the different manifestations and modes of 
transmission of different diseases create obstacles to accurate early 
diagnosis of many diseases.③Disease data quality and information 
sharing.Many agricultural datasets lack thorough cleaning and pro-
cessing, leading to data loss and noise interference. Farmland mon-
itoring data often involves privacy and intellectual property issues,
and data sharing also raises legal and ethical concerns.

In terms of practical deployment: ① In remote or rural areas, 
power supply is often unstable or absent, which limits the contin-
uous operation of systems such as e-noses, image acquisition 
devices, and sensor networks. ② Cost constraints for smallholder
farmers. Many advanced agricultural intelligent monitoring sys-
tems incur high costs in hardware, maintenance, and data process-
ing, presenting challenges for large-scale adoption by smallholder
farmers [290]. ③ Limited network and data infrastructure. In 
developing regions, poor network coverage and unstable data 
transmission may hinder real-time remote monitoring, cloud-
based model inference, and data synchronization [291]. ④ High 
technical barriers for end users. Farmers often lack experience in
configuring sensors, interpreting data, and operating models.

Looking forward, we anticipate that emerging technologies will 
further transform crop disease detection, prediction, and early 
warning research. IoT technology is advancing at an unprece-
dented pace, presenting significant opportunities for establishing
19
highly accurate and real-time disease monitoring systems. IoT 
can significantly improve the accuracy and efficiency of testing
through continuous monitoring of environmental data, crop health
and disease indicators [292]. The collected data can be intelligently 
analyzed through a cloud platform to predict disease trends and 
provide decision support to farmers. Additionally, AI-based DSS 
offer new opportunities for effective analysis of big data in agricul-
ture. AI-assisted decision systems can not only analyze existing
disease information but also dynamically adjust control strategies
based on factors such as climate change, soil conditions, and crop
type [29,266,293]. By simulating various control measures and 
predicting their outcomes, AI systems assist farmers in choosing 
the most appropriate control plan and avoid overuse and waste 
of resources. In the future, crop disease detection will enter a 
new era of multi-technology integration, intelligence and real-
time capabilities. The application of these technologies will
improve the accuracy and efficiency of disease detection, while
promoting the development of more precise and intelligent
agriculture.
6. Conclusi ons

This review systematically examines recent advancements in 
the research and application of crop disease detection, prediction, 
and early warning. The growing importance of this field in the 
development of modern agriculture is highlighted. Agricultural 
disease monitoring relies on suitable sensors and integrated sys-
tems to collect precise agricultural environmental data. In this 
paper, we provide a detailed introduction to the characteristics 
and applications of various sensors and sensing systems, such as 
image sensors, spectral sensors, electrochemical biosensors, vola-
tile compound sensors, and spore sensing systems. Simultaneously, 
algorithms and methods commonly used in crop disease detection, 
prediction and early warning are also analyzed in detail, including 
image processing techniques, computer vision algorithms, and ML 
algorithms. Furthermore, the applications of crop disease detec-
tion, prediction, and early warning is introduced. The specific 
applicati ons of crop disease detection mainly include crop growth
monitoring, precision spraying systems, yield prediction, and resis-
tant variety screening. Next, from the perspective of volatile gas
detection and spectral technology, this paper reviews the relevant
research on the early (asymptomatic) stages of disease infection.
The research status of forecasting disease occurrence trend based
on spore and meteorological data is also discussed. Finally, some
challenges in the practical application of crop disease monitoring
are analyzed, for instance, natural environment changes, crop
canopy occlusion, and ambiguous disease characteristics. In the
future, driven by AI technology, the integration of multiple sensors
and technologies will enable to achieve reliable and real-time crop
disease detection and excellent crop disease control and
management.
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