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Introduction
With plant diseases responsible for approximately two 
hundred and twenty billion dollars in global agricultural 
losses each year [1], the development of accurate and 
scalable early detection systems has become an urgent 
economic and scientific priority. A key challenge in this 
effort is the selection and integration of imaging tech-
nologies, specifically RGB imaging, which allows acces-
sible detection of visible symptoms, and hyperspectral 
imaging, which enables the identification of physiological 
changes before symptoms appear by capturing informa-
tion across a spectral range of 250 to 15000 nanometers. 
Despite their complementary strengths, existing litera-
ture continues to examine RGB and HSI modalities in 
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Abstract
Plant diseases cause approximately 220 billion USD in annual agricultural losses, driving demand for automated 
detection systems. This systematic review analyzes deep learning approaches for plant disease detection using 
RGB and hyperspectral imaging, examining their evolution from classical image processing to modern neural 
architectures. We evaluate state-of-the-art models across 11 benchmark datasets, revealing significant performance 
gaps between laboratory conditions (95–99% accuracy) and field deployment (70–85% accuracy). Transformer-
based architectures demonstrate superior robustness, with SWIN achieving 88% accuracy on real-world datasets 
compared to 53% for traditional CNNs. Our analysis identifies three critical deployment constraints: environmental 
variability sensitivity, economic barriers (500–2000 USD for RGB vs. 20,000–50,000 USD for hyperspectral systems), 
and interpretability requirements for farmer adoption. Case studies of successful platforms (Plantix with 10+ 
million users) highlight the importance of offline functionality and multilingual support. We establish evidence-
based guidelines prioritizing deployment viability over laboratory optimization and identify key research directions 
including lightweight model design, cross-geographic generalization, and explainable multimodal fusion. This 
review provides a comprehensive framework for advancing plant disease detection from research prototypes to 
practical agricultural tools that can improve global food security.
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isolation. This separation limits a systematic understand-
ing of their individual capabilities, comparative advan-
tages, and potential for combined use in early disease 
detection systems [97]. Recent large scale outbreaks, such 
as Xylella fastidiosa, which has caused one billion dollars 
in damage to European olive production [57], and late 
blight, which contributes to three to ten billion dollars 
in global potato losses annually [205], further emphasize 
the urgent need for a comprehensive analysis of imag-
ing strategies. Table 1 highlights recent major outbreaks 
and their social and economic impact, demonstrating 
the severe consequences of plant diseases across differ-
ent crops and regions. Systematic comparative evaluation 
of RGB and hyperspectral imaging modalities is funda-
mental to developing plant disease detection systems that 
achieve optimal trade-offs between detection sensitiv-
ity, intervention timing, and implementation feasibility 
across diverse agricultural deployment scenarios.

This review is specifically motivated by the lack of 
systematic comparative analysis between RGB and HSI 
modalities for plant disease detection in agricultural con-
texts. Existing RGB-centered reviews [42, 239] effectively 
catalog techniques for detecting visible symptoms but 
offer limited insight into the limitations of the modal-
ity for early stage detection. Conversely, HSI-focused 
literature [261, 280] demonstrates strong potential for 
pre-symptomatic identification through physiological 
signal analysis but lacks direct comparison with RGB 
approaches to elucidate complementary strengths. Upad-
hyay and Bhargava [249] provided a comprehensive 
review of artificial intelligence applications across pre-
harvesting, harvesting, and post-harvesting phases in 
agriculture, highlighting the dominance of CNN-based 

deep learning approaches while identifying persistent 
challenges including data scarcity, model generalization, 
and technology adoption barriers that necessitate solu-
tions through transfer learning, GANs, and IoT integra-
tion. Existing reviews examine deep learning advances in 
RGB and HSI plant disease detection separately, lacking 
systematic comparison of how AI architectures exploit 
the unique characteristics of each imaging modality. Due 
to lack of systematic comparison, it is difficult to make 
a decision of selecting an AI model for plant disease 
detection.

This review paper focuses specifically on systematic 
comparative analysis of RGB and HSI approaches for 
plant disease detection, with particular emphasis on 
understanding modality-specific strengths, limitations, 
and complementary capabilities. The analysis systemati-
cally evaluates comparative performance across different 
agricultural conditions, deployment trade-offs between 
accessibility and detection sensitivity, technological evo-
lution from classical to deep learning approaches in both 
modalities, and complementary capabilities that reveal 
future integration opportunities. This focused approach 
enables understanding of how each imaging modal-
ity can improve plant disease detection beyond current 
methods.

Unlike existing reviews that examine imaging modali-
ties separately, this work establishes a comparative 
framework that systematically evaluates RGB and HSI 
approaches against consistent evaluation standards. The 
analysis identifies optimal deployment scenarios for each 
modality and assesses how emerging technologies like 
Vision-Language Models (VLM) and few-shot learning 
affect practical implementation potential.

Research questions and contributions
This review addresses four systematic analysis research 
questions: 

1.	 How have plant disease detection methodologies 
evolved within RGB and HSI modalities across the 
progression from classical analysis through machine 
learning to deep learning approaches?

2.	 What are the distinctive capabilities and limitations 
of RGB versus HSI approaches across different 
methodological categories (classical, machine 
learning, deep learning) for plant disease detection?

3.	 How do state-of-the-art deep learning architectures 
perform on RGB plant disease datasets, and what 
insights do current benchmarking results provide for 
practical deployment?

4.	 What critical research gaps and opportunities 
emerge from systematic analysis of RGB and HSI 
methodologies that can guide future plant disease 
detection advancement?

Table 1  Summary of Major Crop Disease Outbreaks Showing 
Economic and Agricultural Impacts Across Different Regions
Reference Crop and 

Crop 
Disease

Region Impact

Mottaleb et 
al. [170]

Wheat Blast Bangladesh - 8,205 tons of wheat lost
- Worth USD 2.1 million

Gitonga 
[94]

Maize Lethal 
Necrosis 
(MLN)

Kenya - 60,000 ha affected
- Approximately USD 50 
million economic
loss

Koutouleas 
[124]

Coffee Leaf 
Rust (CLR)

Ethiopia, 
Uganda, Tropics

- 49.5% reduction in 
yield per hectare in
Uganda
- 75% overall yield loss
- USD 1 billion economic 
loss
- 250,000 jobs lost

Ghosh et al. 
[92]

Citrus 
Greening

North America, 
global

- USD 3.6 billion loss per 
year for the US citrus 
industry

Adhikari et 
al. [9]

Early Blight 
of Tomato

Europe, Africa, 
India

- Up to 80% annual yield 
loss
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To address these questions, this review provides several 
key contributions:

 	– Comprehensive methodological taxonomy: 
Systematically categorizing plant disease detection 
approaches within RGB and HSI modalities across 
three evolutionary stages: classical analysis (non-AI 
methods), machine learning, and deep learning 
techniques

 	– Systematic evolution analysis: Tracing the 
progression from traditional image processing to 
advanced AI architectures within each modality, 
revealing how technological innovations have 
advanced disease detection capabilities

 	– Extensive RGB benchmarking evaluation: Comparing 
state-of-the-art deep learning architectures (SWIN 
[147], ViT [68], ConvNext [148], ResNet50 [102]) 
across 5 major RGB datasets, synthesizing both 
existing literature results and current model 
performance

 	– Modality-specific capability analysis: Identifying 
unique strengths and applications of RGB versus 
HSI approaches across different methodological 
categories, revealing optimal deployment scenarios 
for each imaging modality

 	– Strategic research framework: Bridging insights from 
both RGB and HSI studies to highlight how their 
strengths complement each other and to guide future 
research on combining these approaches for better 
plant disease detection.

This review presents a systematic comparative frame-
work examining plant disease detection across imaging 
modalities and technological paradigms. The structure 
progresses from foundational challenges to practical 
implementation guidance. Section  2 identifies critical 
deployment constraints affecting RGB and hyperspec-
tral imaging (HSI) approaches, while Sect.  3 establishes 
biological foundations for understanding modality 
complementarity. Dataset and evaluation frameworks 
(Sects. 4 and 5) provide the empirical basis for compara-
tive analysis. The core technical analysis systematically 
examines RGB capabilities and limitations (Sect.  6) and 
HSI advantages and constraints (Sect.  7), tracing evolu-
tion from classical processing to deep learning archi-
tectures. Section  8 provides quantitative performance 
benchmarking across modalities and deployment sce-
narios. Section  9 provides insight into practical case 
studies. Finally, Sect.  10 identifies strategic research 
directions for advancing toward practical integrated 
deployment, concluding with synthesis and implementa-
tion guidance (Sect.  11). This progression enables both 
comprehensive technical understanding and practical 
deployment guidance through systematic advancement 

from theoretical foundations to empirical validation and 
strategic priorities.

Challenges in automated plant disease detection
Automating plant disease detection requires a system-
atic and technology-driven approach. Addressing the 
challenges involved is crucial for successfully integrating 
advanced detection systems into agriculture. This section 
outlines key issues and breaks them down into sub-sec-
tions for clarity.

Diversity across plant species
Plant species diversity presents significant challenges 
for deep learning-based disease detection systems. Each 
species displays unique morphological and physiologi-
cal characteristics, requiring specialized training data 
for accurate identification. A model trained on tomato 
leaves, for example, often struggles to identify diseases 
in cucumber plants due to fundamental differences in 
leaf structure and coloration patterns. This challenge 
extends to the problem of catastrophic forgetting, where 
models retrained on new species lose accuracy on previ-
ously learned plants. Despite ongoing research efforts to 
address these transferability limitations [15, 98], develop-
ing robust cross-species models remains a critical chal-
lenge for widespread agricultural application.

Variability in image datasets
Real-world agricultural environments introduce sub-
stantial variability that complicates consistent disease 
detection. Factors such as illumination conditions (bright 
sunlight versus cloudy days), background complexity (soil 
types, mulch, neighboring plants), viewing angles, and 
growth stages significantly impact image characteristics. 
Models must demonstrate resilience to these variations 
to ensure reliable performance across diverse field con-
ditions [30]. Additionally, seasonal changes affect leaf 
appearance and disease manifestation, further compli-
cating the development of year-round detection systems. 
Techniques such as domain adaptation and robust fea-
ture extraction are essential to overcome these environ-
mental variability challenges.

Constraints of annotated datasets
The development of accurate plant disease detec-
tion models relies heavily on well-annotated datasets, 
which remain difficult to obtain at scale. Expert plant 
pathologists must verify disease classifications, mak-
ing high-quality dataset creation resource-intensive and 
time-consuming. This expert dependency creates bottle-
necks in dataset expansion and diversification. Further-
more, the specialized knowledge required for accurate 
annotation means datasets often contain regional biases 
or coverage gaps for certain species and disease variants. 
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These limitations in training data directly impact model 
generalization capabilities and performance in novel 
agricultural scenarios, highlighting the need for innova-
tive data collection and annotation strategies.

Imbalances in class distribution
Natural imbalances in disease occurrence create signifi-
cant challenges for developing equitable disease detec-
tion systems. Common diseases typically have abundant 
examples, while rare conditions suffer from limited rep-
resentation in training datasets. This imbalance often 
biases models toward frequently occurring diseases at 
the expense of accurately identifying rare but potentially 
devastating conditions. Recent research has explored 
techniques such as weighted loss functions, data aug-
mentation, and specialized sampling methods to address 
these distribution issues [16, 214, 240]. Despite these 
advances, ensuring balanced performance across all 
disease categories remains an ongoing challenge, par-
ticularly for emerging or geographically limited plant 
pathogens.

Multimodal data fusion
Agricultural disease detection increasingly relies on 
diverse data sources that require advanced integration 
methods. Combining RGB imagery with hyperspectral 
data, UAV captured aerial views, ground level observa-
tions, and environmental sensor readings introduces 
complex fusion challenges. Each data type provides dis-
tinct information, such as visible symptoms, early stage 
physiological changes, spatial distribution patterns, and 
environmental triggers, all of which must be combined 
in a coherent manner. Although researchers have inves-
tigated multiple integration techniques for disease detec-
tion [49, 184, 222], identifying the most effective fusion 
strategy, whether early fusion, late fusion, or a combina-
tion of both, remains a significant challenge. Successful 
multimodal systems must overcome issues related to data 
synchronization, varying resolutions, and computational 
demands, while also ensuring usability in practical agri-
cultural settings.

Challenges in early detection
Identifying plant diseases during their initial develop-
ment stages offers the greatest intervention potential but 
presents substantial technical difficulties. Early infec-
tion symptoms often manifest as minute physiologi-
cal changes before visible symptoms appear, requiring 
highly sensitive detection capabilities. These early indi-
cators may include minor spectral shifts, slight texture 
alterations, or minimal color variations that conven-
tional imaging systems frequently miss [164]. Addition-
ally, distinguishing between early disease symptoms and 
other plant stressors (nutrient deficiencies, water stress, 

or mechanical damage) requires sophisticated discrimi-
nation algorithms. Improving early detection sensitiv-
ity while maintaining specificity represents a critical 
research direction for minimizing crop losses and reduc-
ing preventative chemical applications.

Deployment challenges in resource-limited areas
Implementing advanced disease detection technolo-
gies in resource-constrained agricultural regions intro-
duces unique adoption barriers. Rural areas frequently 
lack reliable internet connectivity, stable power sup-
plies, and technical support infrastructure necessary for 
cloud-based systems. Practical solutions must balance 
technological sophistication with local constraints, pri-
oritizing user-friendly interfaces and offline functional-
ity. Context-specific customization focusing on regionally 
prevalent crops and diseases proves more valuable than 
generic systems. For instance, specialized cassava dis-
ease detection tools offer greater utility in regions where 
this crop dominates agricultural production. Addressing 
these implementation challenges through appropriate 
technology scaling and localization is crucial for improv-
ing disease management and food security in vulnerable 
agricultural communities [176].

While the technical challenges of automated detec-
tion are substantial, addressing them requires a founda-
tional understanding of plant diseases themselves. The 
following section explores the causes, effects, and eco-
nomic impact of plant diseases, establishing the critical 
relationship between disease biology and the detection 
approaches discussed throughout this review.

Plant diseases: biological context for detection 
methods
Understanding the biological basis of plant diseases is 
crucial for developing effective detection technologies. 
Plant diseases are defined as harmful physiological pro-
cesses caused by persistent irritation from pathogens 
or environmental factors [186]. These diseases exhibit 
distinct biological signatures that modern imaging tech-
niques can capture at different stages of development.

The primary disease agents create detectable patterns 
that inform detection system design. Biotic factors (fungi, 
bacteria, and viruses) typically produce signature visual 
symptoms that RGB imaging can capture: fungi often 
cause distinctive lesions and color changes [61], while 
viruses like the Tomato brown rugose fruit virus create 
textural alterations detectable through advanced image 
processing [294]. Hyperspectral imaging provides partic-
ular advantages for detecting abiotic stressors (nutrient 
deficiencies, drought, or chemical damage), which often 
manifest as subtle spectral changes before visible symp-
toms appear.
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The progression of disease also influences the selection 
of detection approaches. Early-stage infections, responsi-
ble for an estimated 10% of global food production losses 
[201], often exhibit minimal visual symptoms while pro-
ducing significant spectral alterations detectable through 
HSI. As infections advance, RGB-based methods become 
increasingly effective at identifying the morphological 
and color changes that accompany severe infection. This 
progression highlights why integrated detection systems 
that combine multiple imaging modalities offer the most 
comprehensive disease monitoring capabilities.

The geospatial and temporal dynamics of disease 
spread further inform detection system design. Dis-
eases like Xylella fastidiosa spread in patterns that can 
be monitored through wide-area surveillance systems 
[79], while climate-sensitive pathogens require detection 
systems capable of functioning under variable environ-
mental conditions [271]. These ecological considerations 
directly influence the robustness requirements for field-
deployed detection technologies. The flowchart in Fig. 1 
illustrates how disease causal factors create specific bio-
logical signatures that detection technologies target, 
ultimately affecting economic and social outcomes. This 
biological context provides the foundation for the techni-
cal approaches discussed in subsequent sections, where 
RGB and hyperspectral imaging technologies are specifi-
cally designed to capture these disease signatures at dif-
ferent development stages and across diverse agricultural 
environments.

Role of artificial intelligence in plant disease detection
Artificial Intelligence (AI), particularly through machine 
and deep learning, has emerged as a transformative force 
in plant disease detection. These technologies analyze 
complex visual patterns in plant imagery to identify dis-
eases with unprecedented speed and accuracy compared 
to traditional manual inspection methods. Convolutional 
neural networks (CNNs) have been particularly effective, 
with reviews demonstrating their high accuracy in clas-
sifying various leaf diseases such as blight and powdery 
mildew. The practical implementation of these technolo-
gies has extended to field-deployable solutions. Mobile 
applications like Plantix [199] use image recognition to 
identify over 60 different plant diseases and provide treat-
ment recommendations, while UAV-mounted systems 
conduct aerial surveillance to detect disease hotspots 
across large cultivation areas [210]. These applications 
demonstrate how AI bridges the gap between advanced 
algorithms and practical agricultural needs. This tech-
nological context provides the foundation for our sub-
sequent analysis of detection methodologies, beginning 
with an examination of the datasets and evaluation met-
rics that underpin both RGB and hyperspectral imaging 
approaches to plant disease identification.

Datasets for plant disease detection
In machine and deep learning, algorithms learn from 
large datasets to uncover patterns, make predictions, 
and improve decision-making. These models are trained 
using datasets, enabling them to identify complex rela-
tionships within the data. Labeled examples allow 
the algorithms to learn from inherent patterns and 

Fig. 1  Plant disease causes and effects. This flowchart illustrates the main causes of plant diseases, their effects on plants, and the resulting social and 
economic impacts
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correlations, enhancing their ability to generalize and 
accurately predict outcomes on new data. These data-
sets’ quality, quantity, and diversity are crucial, as they 
promote reliable and robust machine learning models. 
A well-curated dataset is essential for the model’s adapt-
ability to different environments and ability to provide 
valuable insights. Therefore, the dataset’s characteristics 
significantly impact the model’s performance, highlight-
ing the importance of datasets in the effectiveness and 
transferability of machine and deep learning applications 
across various fields. This section will explore popular 
plant disease detection research datasets, summarized in 
Table 2.

PlantVillage
The Plant Village dataset contains 54,305 unique leaf 
images, each 256x256 RGB format pixels across 14 crop 
types [166]. It spans 38 categories, including species, 

diseases, and healthy states. The leaves, carefully sepa-
rated from plants, were photographed against grey and 
black backgrounds, with the collection featuring both 
original and grayscale images. The dataset focuses on 
single leaves against uncluttered backgrounds, limiting 
its ability to simulate real field conditions and failing to 
accurately capture the complexities of potential occlusion 
and clutter found in natural environments. Despite this, 
PlantVillage remains a significant resource, offering vari-
ous disease examples across various plant species.

PlantDoc
The PlantDoc dataset comprises 2,598 high-quality 
images encompassing 27 distinct classes across 13 plant 
species [227]. Curated from Google Images and Ecosia, 
a meticulous filtering process ensures precision. Reflect-
ing real-world agricultural conditions, this dataset serves 
as a valuable asset in agricultural computer vision. It 

Table 2  Summary of datasets employed in plant disease detection studies, including details on the environment, size, categories, 
annotations, characteristics, and challenges
Dataset Environment Size Details
Plant Village [166] Lab 54,303 Categories: 38, Annotations: Labels, Characteristics: Captured in a lab, single leaf per image, 

uniform background, Challenges: Data imbalance, fine-grained classification
Plant Doc [166] Natural & Lab 2,569 Categories: 30, Annotations: Labels & Bounding Boxes, Characteristics: Field images, some mis-

classification, Challenges: Imbalanced data, variability
Cassava Leaf Dis-
ease [119]

Natural 21,367 Categories: 5, Annotations: Labels, Characteristics: Crowd-sourced from farmers, Challenges: 
Real-world variability

FieldPlant [171] Natural 5,170 Categories: 27, Annotations: Labels & Bounding Boxes, Characteristics: Collected from planta-
tions, complex backgrounds, Challenges: Imbalanced data, cluttered environment

CD&S [14] Natural 1,597 Categories: 3, Annotations: Labels & Bounding Boxes, Characteristics: Field-acquired, augmented 
images, Challenges: Disease classification

JMuBEN [111] Natural 58,555 Categories: 5, Annotations: Labels, Characteristics: Multiclass classification, Challenges: Small 
image resolution

Cucumber Disease 
Dataset [237]

Natural 6,400 Categories: 8, Annotations: Labels, Characteristics: Multiclass classification, augmented images, 
Challenges: Fine-grained classification

Tobacco Leaf Ab-
normality [140]

Natural 1,430 Categories: 16, Annotations: Labels, Characteristics: Single disease focus, high resolution images, 
Challenges: Class imbalance, disease similarity

Tobacco Plant Dis-
ease Dataset [138]

Natural 2,721 Categories: 12, Annotations: Labels & Bounding Boxes, Characteristics: Detailed multi-class anno-
tations, Challenges: Occlusion, fragmented disease recognition

BananaLSD [29, 44] Natural 1,600 Categories: 4, Annotations: Labels, Characteristics: Field-captured smartphone images, expert 
pathologist labeling, Challenges: Three distinct leaf spot diseases, real-world variability

Banana Leaves 
Imagery [158]

Natural 11,767 Categories: 3, Annotations: Labels, Characteristics: Multi-regional collection, high-resolution 
smartphone capture, Challenges: Geographic diversity, disease severity variation

Tanzania Banana 
Leaf Dataset [159]

Natural 17,068 Categories: 3, Annotations: Labels, Characteristics: Farmer garden collection, Camera device 
standardization, Challenges: Real-world field variability, mobile image quality consistency

PSFD-Musa Banana 
Leaf Dataset[160]

Natural 8,000 Categories: 15, Annotations: Labels, Characteristics: Multi-aspect banana health assessment, 
augmented images, Challenges: Multi-class identification, diverse disease types

Makerere AI Bean 
Disease [127]

Natural 1,295 Categories: 3, Annotations: Labels, Characteristics: Smartphone-captured field images, expert 
annotation by NaCRRI, Challenges: Real-world variability, mobile deployment requirements

CGIAR Bean Dis-
ease [95]

Natural 9,969 Categories: 6, Annotations: Labels & Bounding Boxes (34,053 micro annotations), Characteristics: 
Multi-disease coverage, both leaf and pod samples, disease hotspot collection, Challenges: Com-
plex backgrounds, co-occurring diseases, large-scale variations

AMGHS [213] Natural 6,127 Categories: 2, Annotations: Labels & Segmentation, Characteristics: Top-view of crops, segmen-
tation masks, Challenges: Detection and localization of plant stress

PlantSeg [268] Natural 11,400 Categories: 115, Annotations: Labels & Segmentation, Characteristics: In-the-wild images, diverse 
environments, segmentation masks, Challenges: Disease region identification and classification
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provides authentic data crucial for the development of 
robust plant disease detection algorithms. The authors 
have introduced the Cropped PlantDoc dataset (C-PD), 
derived by extracting annotated regions from the original 
PlantDoc dataset. This process, utilizing bounding box 
information, aids in eliminating background noise, allow-
ing the model to focus on the essential elements associ-
ated with disease symptoms.

FieldPlant
The production value of tomatoes for the processing 
market in the United States was approximately USD1.16 
billion in 2022, highlighting the economic significance 
of maintaining healthy crops through effective disease 
management [234]. Supporting this critical agricultural 
sector, datasets like FieldPlant, containing 5,170 manu-
ally annotated images across 27 disease classes for crops 
including tomato, corn, and cassava [171], enable the 
development of computer vision algorithms that can 
detect diseases under realistic farming conditions, poten-
tially safeguarding billions in crop value through appro-
priate intervention.

Cassava leaf disease dataset
In 2021, Ghana saw its cassava production reach over 
22.6 million metric tons, up from 21.77 million metric 
tons in 2020, continuing a growth trend that started in 
2009 [232]. Cassava is a key agricultural crop in Ghana, 
crucial for staple foods and contributing significantly 
to the GDP of the agricultural sector. In 2020, Kaggle 
launched a competition with a dataset of 21,397 cassava 
plant images, divided into five categories: Cassava Bacte-
rial Blight, Cassava Brown Streak Disease, Cassava Green 
Mottle, Cassava Mosaic Disease, and Healthy Leaves 
[119]. This dataset, taken directly from fields, presents 
real-world challenges like occlusion and clutter, making 
it valuable for training models to recognize diseases in 
complex settings. The class imbalance within the dataset 
offers a unique opportunity for deep learning models to 
adapt and overcome this challenge, enhancing their abil-
ity to handle real-world data variability.

Corn disease and severity dataset (CD&S)
In 2021–2022, corn emerged as the leading grain crop 
globally, with production surpassing 1.2 billion metric 
tons, underscoring its vital role in meeting industrial 
needs [233]. The CD&S dataset, collected at Purdue Uni-
versity’s Agronomy Center for Research and Education 
in West Lafayette, Indiana, comprises unprocessed field 
imagery under real-world conditions [14]. It includes 511, 
524, and 562 raw images capturing Northern Leaf Blight, 
Gray Leaf Spot, and Northern Leaf Spot in maize, with 
half of the images from each category annotated with 
bounding boxes. Researchers also acquired an additional 

515 raw images of NLS specifically for disease sever-
ity analysis. In total, the CD&S dataset contains 4,455 
images, combining 2,112 original field images with 2,343 
augmented ones, creating a comprehensive resource for 
developing accurate corn disease detection algorithms 
under authentic farming conditions.

Arabica coffee disease dataset (JMuBEN)
Coffee covers one of the largest portions of the hot bever-
age market. Detecting coffee leaf diseases during the early 
growth stages is crucial for preventing significant yield 
losses and maintaining production efficiency. JMuBEN 
dataset provides a valuable resource for training deep 
learning models to distinguish coffee leaf diseases [111]. 
The dataset contains 58,555 images of Arabica coffee 
leaves, each with a resolution of 128x128 pixels, spanning 
five different classes. This extensive collection enables the 
research into the health and pathology of Arabica coffee 
plants.

Cucumber disease recognition dataset
Cucumber (Cucumis sativus L.) represents a significant 
global vegetable crop, with worldwide production reach-
ing 94.7 million tons in 2022 and facing devastating dis-
eases such as downy mildew that can cause yield losses 
up to 100% in favorable conditions [3]. To address these 
critical disease management challenges, a comprehen-
sive cucumber disease dataset was created in collabora-
tion with agricultural experts, featuring eight disease 
classifications. This dataset includes 1280 original field 
images, which were augmented to 6400 images using 
various techniques [237]. These resources are designed to 
enhance the development of machine vision algorithms 
to accurately and efficiently diagnose cucumber diseases.

Tobacco leaf disease datasets
Tobacco is an economically viable crop but diseases 
and pests significantly affect the quality and yield. The 
Tobacco Leaf Abnormality (TLA) dataset was collected 
during the crop’s mature period in July and August, under 
field conditions. It includes a total of 1430 images divided 
into 16 categories: ten infection diseases (bacterial, fun-
gal, and viral), three non-parasitic diseases, two pest 
traces, and a healthy category [140]. The dataset, labeled 
by tobacco agronomists, is valuable for identifying com-
mon infections across different tobacco cultivation areas. 
Tobacco Plant Disease Dataset (TPDD) is another dataset 
that is used for training deep learning models. It consists 
of 2721 images divided into 12 classes with annotations 
for classification and detection [138].

Banana disease datasets
Global banana production reached approximately 135 
million tons in 2022, contributing an estimated USD 92.1 



Page 8 of 44Shafay et al. Plant Methods          (2025) 21:140 

billion to the global economy, with worldwide banana 
exports valued at USD 14.4 billion in 2023 [75]. However, 
Black Sigatoka disease alone causes the greatest yield 
losses in banana plantations globally, with climate change 
increasing its risk by 44 percent since the 1970  s and 
potential yield reductions of up to 80 percent [38]. Cur-
rent research indicates that Black Sigatoka results in an 
average 3% reduction in global annual production, repre-
senting a loss of yearly revenue of approximately USD 1.6 
billion [38]. To address these critical challenges, several 
comprehensive datasets have been developed for banana 
disease detection. The BananaLSD dataset comprises 937 
original RGB images captured using smartphone cameras 
in banana fields at Bangabandhu Sheikh Mujibur Rahman 
Agricultural University, Bangladesh, with an augmented 
version containing 1,600 images covering Sigatoka, Cor-
dana, Pestalotiopsis, and healthy banana leaves [29]. 
The Tanzania Bananas Dataset contains 17,068 mobile 
phone-captured images from farmer’s gardens using 
the AdSurv application, comprising 5,883 healthy, 6,147 
Black Sigatoka, and 5,038 Fusarium Wilt Race 1 labeled 
instances collected through Samsung devices for real-
world agricultural applications [159]. The Banana Leaves 
Imagery dataset provides 11,767 high-resolution images 
from Tanzania, including 3,339 healthy images, 3,496 
Black Sigatoka affected images, and 4,932 Fusarium Wilt 
Race 1 affected images, collected through collaboration 
between farmers, researchers, and plant pathologists 
across multiple districts [158]. Additionally, the PSFD-
Musa dataset offers a holistic approach with over 8,000 
augmented images covering banana variety classifica-
tion, disease identification (including Black Sigatoka, Yel-
low Sigatoka, Panama disease, and others), and nutrient 
deficiency detection [160]. These datasets collectively 
provide comprehensive resources for developing robust 
machine learning diagnostic tools capable of addressing 
the significant economic impact of banana diseases on 
global agricultural systems.

Common beans disease datasets
Common beans (Phaseolus vulgaris) represent the most 
important legume for direct human consumption glob-
ally, with production reaching approximately 27.5 million 
tons in 2020 and serving as a critical protein source for 
over 300 million individuals, particularly in Africa and 
Latin America [86]. However, bean cultivation faces sig-
nificant threats from diseases that can drastically reduce 
yield and quality. Common Bacterial Blight (CBB) causes 
yield losses ranging from 30 to 70% in susceptible cul-
tivars globally, while Angular Leaf Spot (ALS) leads 
to yield losses of 50 to 60% in Africa [95]. In Ethiopia 
alone, CBB can cause 22% yield reduction in sole crop-
ping systems, while ALS can result in over 47% yield 
loss under favorable conditions for disease development 

[10]. To address these critical agricultural challenges, 
several comprehensive datasets have been developed 
for automated bean disease detection. The Makerere AI 
Lab Bean Disease Dataset comprises 1,295 smartphone-
captured images collected from real fields across differ-
ent districts in Uganda in collaboration with the National 
Crops Resources Research Institute (NaCRRI), covering 
three classes: healthy beans, Angular Leaf Spot, and Bean 
Rust [127]. This dataset has been widely adopted in the 
machine learning community and is available through 
multiple platforms including TensorFlow Datasets and 
Hugging Face, with standardized 500x500 pixel RGB 
images specifically designed for mobile deployment to 
assist smallholder farmers. Additionally, a more compre-
hensive multi-disease dataset has been compiled from 
disease hotspots in Africa and Colombia, encompassing 
five major bean diseases: Angular Leaf Spot (ALS), Com-
mon Bacterial Blight (CBB), Common Bean Mosaic Virus 
(CBMV), Bean Rust, and Anthracnose, covering both leaf 
and pod samples under real-field conditions [95]. These 
datasets collectively provide essential resources for devel-
oping robust machine learning diagnostic tools capable 
of early disease identification in diverse agricultural envi-
ronments, ultimately supporting sustainable bean pro-
duction and food security in regions where beans serve 
as a primary protein source.

AGricolaModerna healthy-stress (AMGHS)
The AMGHS Dataset, an extension of the AGM Dataset, 
has been meticulously assembled to identify and high-
light instances of plant stress in images of harvested 
crops. It contains 6,127 RGB images, each 120x120 pix-
els, curated from the broader AGM Dataset, which fea-
tures various plant species. This dataset is categorized 
into healthy (3,798 images) and stressed (2,329 images) 
samples, covering 14 out of the 18 classes in the AGM 
dataset. It includes classification labels to differentiate 
between healthy and stressed states and segmentation 
masks pinpointing stressed areas [213].

PlantSeg
PlantSeg represents a significant advancement in plant 
disease detection research, comprising over 11,400 anno-
tated disease images and 8,000 healthy plant images 
captured across diverse environmental conditions [268]. 
The dataset spans 115 distinct plant diseases, with each 
image featuring precise segmentation masks that identify 
diseased regions. Unlike existing datasets that primar-
ily contain images from controlled laboratory settings, 
PlantSeg focuses on in-the-wild plant disease images, 
enhancing its practical applicability for real-world 
agricultural scenarios. The dataset distinguishes itself 
through its comprehensive segmentation annotations, 
where each image includes detailed masks paired with 
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plant type and disease classifications. This contrasts with 
conventional datasets that typically offer only basic class 
labels or bounding box annotations. By capturing the 
complexity of natural environments and providing high-
quality segmentation labels, PlantSeg addresses a critical 
gap in plant pathology research, enabling the develop-
ment of more robust and practical disease detection sys-
tems for real-world agricultural applications.

The existing datasets used for training deep learning 
models for plant disease detection have several draw-
backs. Class imbalance can be one of the hurdles as it can 
skew the performance of deep learning models towards 
the majority class, leading to poor generalization [16]. 
Several models and strategies are proposed to address 
class imbalance in plant disease detection. Augmentation 
techniques can balance the number of images in under-
represented classes and artificially increase the represen-
tation [24]. Additionally, the researchers have used loss 
functions that can enhance the sensitivity of the models 
toward underrepresented classes [302]. Therefore, inte-
grating techniques like class weighting and advanced 
augmentation strategies can significantly improve the 
robustness of plant disease detection models against class 
imbalance. Apart from supervised techniques, unsuper-
vised learning methods can also deal with class imbalance 
as these models do not rely on labeled data, hence mini-
mizing the effect of skewness [175]. Another limitation of 
current datasets is their tendency to contain images cap-
tured in controlled environments, limiting their applica-
bility to real-world field conditions. These datasets often 
fail to reflect the variation in lighting, background, and 
plant health statuses, that are common in agricultural 
settings. As a result, models trained on such datasets may 
not perform well in real-world scenarios [96]. Further-
more, datasets like PlantDoc have been found to contain 
misclassified images due to the lack of domain expertise 
during annotation, which hinders the performance of 
deep learning models in disease detection [171]. Finally, 
the variability in leaf shapes and disease representa-
tions complicates the detection process, as many data-
sets are unstructured or weakly structured, leading to 

inconsistencies in disease identification [122]. This vari-
ability, along with inconsistent labeling, poses additional 
challenges for models trying to generalize across different 
plant species and disease conditions.

Evaluation metrics in plant disease detection
The assessment of automated plant disease detection 
methods relies on standardized evaluation metrics that 
quantify performance across varying detection tasks. 
This section examines the principal metrics used to eval-
uate detection systems and their specific implications for 
agricultural applications. Detailed mathematical formu-
lations are provided in Table 3.

Performance evaluation framework
Foundational concepts
Plant disease detection evaluation centers on four funda-
mental outcomes: True Positive (TP) - disease correctly 
identified in infected plants; False Positive (FP) - dis-
ease incorrectly identified in healthy plants; False Nega-
tive (FN) - disease missed in infected plants; and True 
Negative (TN) - healthy plants correctly identified. Each 
outcome carries distinct agricultural implications: false 
positives trigger unnecessary treatments, increasing costs 
and potential ecological harm, while false negatives allow 
diseases to spread unchecked, potentially resulting in sig-
nificant crop losses.

Classification metrics
Classification metrics evaluate the fundamental task of 
determining plant health status or identifying specific 
pathogens. Accuracy provides overall correctness but 
presents limitations with imbalanced datasets common 
in agricultural scenarios. Precision measures prediction 
reliability, becoming crucial when treatments involve sig-
nificant costs or potential phytotoxicity. Recall quantifies 
detection completeness, paramount for highly contagious 
diseases where missing infections could compromise 
entire fields. F1-score balances precision and recall, pro-
viding comprehensive assessment when both treatment 
costs and missed detection risks must be considered.

Table 3  Summary of Evaluation Metrics for Plant Disease Detection Applications
Metric Category Metric Formula Agricultural Application
Classification Accuracy T P +T N

T P +T N+F P +F N
Overall performance assessment

Precision T P
T P +F P

Minimizing unnecessary treatments

Recall (Sensitivity) T P
T P +F N

Critical for contagious diseases

F1-score 2 × Precision×Recall
Precision+Recall

Balanced assessment

Object Detection Mean Average Precision (mAP) 1
N

∑N

i=1
´ 1

0 p(r) dr Targeted intervention planning

Segmentation Mean IoU (mIoU) T P
T P +F P +F N

Severity quantification

Dice Coefficient 2×T P
2×T P +F P +F N

Boundary delineation accuracy

Regression R-squared (R2)
1 −

∑n

i=1
(yi−ŷi)2∑n

i=1
(yi−ȳ)2

Early detection capability
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Object detection metrics
Object detection extends classification by simultaneously 
localizing and identifying multiple disease instances 
within single images. Mean Average Precision (mAP) 
evaluates both localization accuracy and classification 
performance across all disease classes. In agricultural 
applications, mAP directly correlates with the ability to 
target interventions precisely, enabling spot treatments 
that reduce chemical usage and minimize environmental 
impact while maintaining effective disease control.

Semantic segmentation metrics
Semantic segmentation performs pixel-level classifica-
tion to delineate diseased regions from healthy tissue, 
enabling precise severity quantification. Mean Inter-
section over Union (mIoU) measures overlap between 
predicted and ground truth disease regions, while Dice 
Coefficient offers alternative overlap assessment empha-
sizing true positives. In plant pathology applications, seg-
mentation scores typically require thresholds above 0.85 
to provide sufficient accuracy for disease severity assess-
ment and progression monitoring.

Regression metrics for severity assessment
Disease severity quantification requires continuous vari-
able prediction capabilities. Coefficient of Determination 
(R2) measures the proportion of variance explained by 
the model in predicting severity levels. Strong R2 values 
enable detection of physiological responses before visible 
symptoms appear, providing critical early intervention 
windows that substantially improve disease management 
outcomes.

Metric selection for plant disease detection applications
Appropriate metric selection must align with specific 
agricultural objectives and disease characteristics. For 
rapidly spreading diseases like late blight, recall opti-
mization minimizes missed infections that could cause 
field-wide devastation. Precision-focused systems reduce 
unnecessary chemical applications, potentially decreas-
ing fungicide usage by up to 35% with variable-rate 
technology sprayers [247]. Crop value influences met-
ric prioritization: high-value specialty crops may justify 
recall-optimized systems despite higher false positive 
rates, while commodity crops typically require precision 
optimization for economic viability. These metrics, com-
bined with specialized datasets, establish the foundation 
for developing robust plant disease detection algorithms 
across diverse agricultural environments.

Color imagery-based approaches for disease 
detection
Traditional methods of plant disease detection using 
color or RGB imagery have been primarily based on 
image processing techniques that focus on color analy-
sis, segmentation, and feature extraction. A fundamen-
tal approach involves analyzing chromatic variations in 
plant tissues to identify disease symptoms, including dis-
coloration and the presence of lesions. Color threshold-
ing techniques have been employed to segment affected 
areas from healthy regions, enabling quantitative assess-
ment of disease severity through measurement of the 
proportion of diseased pixels [41].

Additional methods such as edge detection and image 
enhancement have been utilized to improve the visibil-
ity of disease symptoms. Algorithms based on principal 
component analysis have been developed to enhance 
color contrast and facilitate improved feature extraction 
from RGB imagery [183]. Genetic algorithms have been 
applied to optimize the detection of diseased regions in 
plant tissues by analyzing color variations indicative of 
pathological conditions [228]. Contemporary approaches 
have transitioned toward deep learning techniques, par-
ticularly Convolutional Neural Networks (CNNs), which 
automate the feature extraction process and enhance 
classification accuracy across multiple disease categories 
[166]. These methods utilize large datasets and demon-
strate improved generalization to diverse field conditions, 
addressing the limitations of traditional techniques that 
often exhibit reduced performance under variable envi-
ronmental factors [230]. The integration of machine 
learning with traditional image processing has resulted 
in hybrid models that enhance detection capabilities 
by combining the advantages of both methodological 
approaches [243]. Figure  2 presents a comprehensive 
analysis of the current literature on plant disease detec-
tion using RGB imagery and hyperspectral imaging. 
The diagram categorizes plant disease detection meth-
odologies into three primary groups: Classical Analysis, 
machine learning, and deep learning. The taxonomy illus-
trates the methodological progression from fundamental 
techniques to advanced learning-based algorithms.

Table 4 presents a comparative analysis of classi-
cal methods, machine learning, and deep learning 
approaches, highlighting their respective strengths and 
limitations. Classical methods, including logistic regres-
sion, demonstrate effectiveness when applied to smaller 
datasets with manually extracted features, such as dis-
ease symptoms or environmental parameters. Machine 
learning models, including Support Vector Machines 
(SVM) and Random Forests (RF), are more suitable for 
handling larger datasets and can partially automate fea-
ture selection, thereby improving disease detection 
accuracy. Deep learning approaches, particularly CNNs 
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and Vision Transformers (ViT), excel in analyzing large, 
complex image datasets through automated feature 
extraction, making them highly effective for plant disease 
detection applications. However, deep learning models 
require substantial computational resources and often 
exhibit reduced interpretability compared to classical or 
machine learning models. The literature on plant disease 
detection can be systematically categorized into three 
methodological approaches: classical methods, machine 
learning, and deep learning, each representing progres-
sive advancements in the field.

Visual pattern analysis: classical rgb processing methods
Traditional plant disease detection, often dependent 
on expert visual assessment, faces challenges including 
subjectivity, difficulty in early symptom identification, 
vulnerability to human error, high resource demands, 
reliance on expert availability, and inefficiency for real-
time monitoring [216, 264]. To overcome these limita-
tions and improve accuracy and efficiency, the adoption 
of sensors and imaging technologies, alongside detection 
using machine learning, is crucial. These advancements 
enable early identification and treatment of diseases, 
enhancing disease management [87].

Table 4  Comparative Analysis of Classical Methods, Machine 
Learning, and Deep Learning for Plant Disease Detection
Feature Classical 

Methods
Machine 
Learning

Deep 
Learning

Definition Traditional statis-
tical techniques

Pattern recogni-
tion algorithms 
that learn from 
training data

Neural net-
work architec-
tures using 
multiple 
hidden layers

Examples Linear regres-
sion, Logistic 
regression

SVM, Random 
Forests, K-NN

CNNs, 
RNNs, Vision 
Transformers

Data 
Requirement

Effective with 
smaller datasets

Handles larger 
datasets well

Requires 
extensive 
datasets

Feature 
Engineering

Extensive manual 
extraction

Partial 
automation

Automatic 
extraction

Interpretability Highly 
interpretable

Variable 
interpretability

Limited 
interpretability

Training Fast training Requires 
validation

Computation-
ally intensive

Complexity Simple models Intermediate 
complexity

High 
complexity

Fig. 2  Comprehensive taxonomy of existing literature on plant disease detection using color and hyperspectral imaging modalities. The hierarchical 
structure categorizes detection methodologies into three fundamental approaches: classical image processing, machine learning techniques, and deep 
learning frameworks, demonstrating the evolutionary trajectory from conventional analytical methods to advanced computational learning paradigms
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Texture-based techniques for disease identification
Texture analysis methodologies for plant disease detec-
tion have received considerable attention due to their 
effectiveness in identifying and classifying diseases 
based on the visual characteristics of plant foliage. These 
approaches utilize various image processing techniques 
to extract texture features that serve as indicators of dis-
ease presence. The Gray-Level Co-Occurrence Matrix 
(GLCM) represents a fundamental technique in texture 
analysis, quantifying spatial relationships between pix-
els within an image. This method enables extraction of 
statistical measures including contrast, correlation, and 
homogeneity, which function as robust indicators of dis-
ease presence [259].

Gabor filters and Local Binary Patterns (LBP) are 
extensively employed for texture feature extraction, pro-
viding mechanisms to capture frequency and orienta-
tion information from leaf imagery [174, 259]. These 
methodologies have demonstrated promising results in 
enhancing the accuracy of disease classification models. 
Color Coherence Vector (CCV) represents an additional 
approach that characterizes color distribution within 
images, facilitating identification of specific regions 
affected by disease. Abdu et al. [4] implemented CCV 
and LBP for feature extraction, utilizing a method that 
encodes texture information based on local pixel inten-
sity patterns surrounding a central pixel, specifically 
targeting chlorotic and necrotic areas of plant leaves to 
detect diseases and assess their severity.

Arivazhagan et al. [28] developed a methodology incor-
porating color transformation, green pixel removal, seg-
mentation, and texture statistics, achieving 94% accuracy 
in disease classification. Integration of texture features 
with additional characteristics, including color and shape 
attributes, enhances the robustness of disease detec-
tion systems. Fakhrunnia et al. [74] demonstrated that 
combining GLCM-derived texture features with color 
features can achieve classification accuracies exceeding 
97%. Implementation of Principal Component Analysis 
(PCA) for dimensionality reduction further optimizes 
feature selection, enabling more efficient model training 
and improved classification performance [162]. Recent 

developments in machine learning and deep learn-
ing have facilitated the creation of more sophisticated 
models for plant disease detection. Techniques includ-
ing Support Vector Machines (SVM) and Convolutional 
Neural Networks (CNN) have been employed to classify 
diseases based on extracted texture features, achieving 
high accuracy rates [275]. Ahmad et al. [17] utilized SVM 
for disease classification in grapevines, reporting 98.79% 
accuracy when combining color and texture features.

Color space conversion for improved plant disease detection
Color space conversion in image processing involves 
the transformation of an image from one color model to 
another, facilitating enhanced analysis capabilities. Dif-
ferent color spaces emphasize distinct aspects of color 
information that may be less prominent in the origi-
nal representation. The RGB color space, based on red, 
green, and blue components, is conventionally utilized 
for display purposes but may not adequately highlight 
subtle color variations required for plant disease detec-
tion. Converting images to alternative color spaces such 
as HSV (Hue, Saturation, Value), LAB (Luminance and 
Color-opponent), or YCbCr (Luminance, Blue-difference, 
Red-difference) enhances different image characteristics 
including brightness and color separation, thereby reduc-
ing noise and improving the clarity of specific features. 
Figure  3 illustrates the visual differences among various 
color spaces.

Researchers have implemented color space conver-
sions to identify plant diseases through optimized feature 
extraction. Camargo and Smith [47] developed a tech-
nique for identifying banana leaf diseases by converting 
RGB images into customized color transformations (H, 
I3a, I3b), specifically optimized for plant disease detec-
tion applications. This methodology involves refining 
segmented images through pixel neighborhood analysis 
and gradient changes to eliminate irrelevant pixels. Orillo 
et al. [182] implemented a method for classifying rice 
plant health using image processing combined with back-
propagation neural networks, extracting six features 
from images processed in HSV and LAB color spaces. 
This approach incorporates color transformation and 

Fig. 3  Visualizing plant leaf in multiple color spaces for disease detection: RGB, HSV, LAB and YCbCr representations
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image enhancement techniques including noise reduc-
tion and contrast adjustment. Dhaygude and Kumbhar 
[64] investigated textural properties using Spatial Gray 
Dependence Matrix (SGDM) and applied the Hue Satu-
ration Value (HSV) color space to analyze color compo-
nents in RGB images.

Threshold-based segmentation methods
Image segmentation represents a fundamental technique 
in computer vision that involves partitioning an image 
into distinct regions for subsequent analysis and clas-
sification. This approach enhances the understanding of 
plant diseases by enabling the isolation and character-
ization of specific image regions. Patil and Bodhe [185] 
investigated various thresholding methodologies for pixel 
classification within image segments. They examined 
simple thresholding, which employs a single intensity 
value to separate segments, and triangular threshold-
ing for segmenting leaf areas and lesions to calculate the 
area quotient, defined as the ratio of lesion area to total 
leaf area. Triangular thresholding is an image segmenta-
tion technique that analyzes pixel intensity histograms to 
identify triangular distributions representing foreground 
and background pixels, enabling determination of opti-
mal thresholds that effectively separate objects of interest 
from background by maximizing contrast and minimiz-
ing pixel intensity distribution overlap.

Their investigation also examined advanced analyti-
cal techniques including moment analysis for measuring 
shape properties to facilitate classification, chain code 
representation for boundary description using direc-
tional sequences, bounding box approaches that enclose 
segmented areas within rectangular regions to simplify 
analysis, and Scale-Invariant Feature Transform (SIFT) 
for detecting and describing local image features across 
different scales for object recognition applications.

Al-Tarawneh [19] focused on diagnosing olive leaf spot 
disease using multiple methodologies including auto-
cropping for automatic region of interest extraction, 
fuzzy c-means classification as a clustering technique 
where pixels can belong to multiple groups with vary-
ing membership degrees, and image enhancement tech-
niques such as median filtering for noise reduction and 
conversion to LAB color space. They evaluated the com-
parative effectiveness of fuzzy c-means versus k-means 
clustering for disease categorization.

Feature-driven approaches: machine learning on RGB data
Supervised learning methodologies train models on 
labeled datasets, developing pattern recognition capa-
bilities and establishing relationships between input 
features and target outputs, which enables accurate pre-
dictions on new data. This approach is particularly suit-
able for classification and regression tasks in agricultural 

applications [123]. Conversely, unsupervised learning 
operates on unlabeled data to identify underlying struc-
tures or patterns, employing techniques such as clus-
tering to group similar data points and dimensionality 
reduction to streamline data while preserving essential 
features [254]. This methodology is valuable for exploring 
inherent structures or relationships within data without 
predefined target outputs. Both supervised and unsuper-
vised learning paradigms are instrumental in enhancing 
machine learning utility, providing versatile analytical 
tools for various applications, including plant disease 
detection in RGB imagery.

Machine learning for plant disease classification
Machine learning approaches for plant disease classifica-
tion involve categorizing images into predefined classes 
to identify specific diseases. Qin et al. [190] developed 
classification models for four alfalfa leaf diseases, imple-
menting optimal lesion segmentation methods to distin-
guish diseased regions from healthy areas. From 1,651 
lesion images, 129 attributes related to texture, color, 
and shape characteristics were extracted, with the most 
significant features identified through three selection 
methodologies. The study evaluated Random Forest (RF), 
Support Vector Machine (SVM), and K-Nearest Neigh-
bors (KNN) algorithms, determining that SVM with 45 
ReliefF features achieved 94.74% accuracy on the test 
dataset. A Naive Bayes-based semi-supervised model 
also achieved 80% accuracy. Kulkarni and Patil [125] 
implemented Gabor filters for feature extraction, utilizing 
Artificial Neural Networks (ANN) to classify plant leaves 
as healthy or diseased, demonstrating the effectiveness of 
machine learning in plant disease detection applications.

Recent advances in machine learning for plant disease 
detection have demonstrated significant improvements 
in classification accuracy and computational efficiency. 
Lin et al. [141] proposed a semantic segmentation model 
using Convolutional Neural Networks (CNNs) to recog-
nize and segment powdery mildew in cucumber leaves 
at the pixel level, achieving an average pixel accuracy of 
97.12%, a joint intersection ratio score of 79.54%, and 
a dice accuracy of 81.54%. The model outperformed 
established segmentation techniques including Gauss-
ian mixture models, Random Forests, and fuzzy c-means 
clustering.

Prince et al. [187] introduced a lightweight CNN-SVM 
hybrid model (CSXAI) for crop disease detection and 
classification, incorporating explainable AI visualization 
through Gradient-weighted Class Activation Mapping 
(Grad-CAM). Their approach demonstrated superior 
performance compared to traditional transfer learning 
models while maintaining computational efficiency suit-
able for field deployment.



Page 14 of 44Shafay et al. Plant Methods          (2025) 21:140 

The integration of ensemble methods has shown 
promising results in improving classification robustness. 
Hatuwal et al. [100] conducted a comparative analysis 
of machine learning models including SVM, KNN, Ran-
dom Forest, and CNN for plant leaf disease recognition, 
with CNN achieving the highest accuracy of 97.89%, fol-
lowed by Random Forest at 87.436%, SVM at 78.61%, and 
KNN at 76.969%. Their work highlighted the importance 
of feature selection and the effectiveness of ensemble 
approaches in handling complex disease classification 
tasks.

Contemporary research has also focused on address-
ing computational efficiency for practical deployment. 
Mahmud et al. [156] developed a streamlined version 
of the DenseNet architecture specifically for mango leaf 
disease classification, creating a lightweight model that 
reduces computational complexity while maintaining 
high accuracy, making it suitable for resource-limited 
environments such as mobile devices and edge comput-
ing systems commonly used in agricultural applications.

Machine learning for enhanced image segmentation
Machine learning-based image segmentation has sub-
stantially advanced digital image analysis capabilities 
in agricultural applications through the partitioning of 
images into semantically meaningful regions. In contrast 
to traditional segmentation techniques, machine learn-
ing methodologies can autonomously learn patterns 
and relationships from training data, facilitating more 
precise and automated identification of disease-affected 
areas. Vetal and Khule [257] achieved 93.75% accuracy 
in tomato plant disease detection using a multiclass 
Support Vector Machine (SVM) approach. Zhang et al. 
[293] developed a hybrid clustering methodology that 
combines superpixel segmentation with the expectation-
maximization algorithm, which effectively enhanced 
lesion segmentation performance and demonstrated 
superior results compared to conventional clustering 
methods. Similarly, Singh and Kaur [227] implemented 
an automated detection system employing image analysis 
and machine learning techniques, achieving a high clas-
sification accuracy of 97.6%.

Principal component analysis and feature space optimization
Dimensionality reduction techniques, particularly Prin-
cipal Component Analysis (PCA), facilitate the com-
pression of high-dimensional image data into more 
computationally manageable representations while pre-
serving essential disease-related features. This approach 
not only accelerates computational processing but also 
reduces noise interference in machine learning models, 
thereby improving detection accuracy. PCA represents 
a prominent methodology that reduces dataset dimen-
sionality through the selection of variance-maximizing 

linear combinations of original features. This approach 
is complemented by alternative methods including Uni-
form Manifold Approximation and Projection (UMAP) 
and Linear Discriminant Analysis (LDA), which demon-
strate particular effectiveness in handling non-linear data 
structures.

Wang et al. [265] demonstrated the application of PCA 
in automated plant disease diagnosis, emphasizing its 
role in enhancing backpropagation algorithm perfor-
mance for diseases including grape downy mildew and 
wheat leaf rust. Through the integration of advanced 
image processing techniques with dimensionality reduc-
tion methodologies, their investigation demonstrated 
improved accuracy and computational efficiency in 
plant disease diagnosis, illustrating the synergy between 
image analysis techniques and dimensionality reduction 
strategies.

Unsupervised learning methods for disease pattern 
recognition
Clustering represents an unsupervised learning method-
ology that groups similar disease patterns, proving par-
ticularly valuable when labeled training data is limited 
or unavailable. Techniques including K-means cluster-
ing and Self-Organizing Maps (SOMs) facilitate the dis-
tinction between healthy and diseased tissue clusters, 
enabling initial identification prior to more sophisticated 
analytical procedures.

Al-Hiary et al. [18] and Bagde et al. [35] implemented 
K-means clustering combined with neural networks for 
disease recognition and classification, demonstrating the 
effectiveness of machine learning methodologies in dis-
tinguishing between healthy and diseased plant tissues. 
Self-organizing maps, as employed by Meunkaewjinda 
et al. [163], provide an unsupervised clustering approach 
with visualization capabilities applied to grape leaf color 
detection and disease segmentation. Jaware et al. [108] 
developed a disease detection methodology through 
image segmentation, transforming RGB leaf images into 
alternative color spaces and applying K-means clustering 
for color cluster identification.

End-to-end recognition: deep learning for RGB disease 
detection
Deep learning employs multi-layered neural networks to 
process complex datasets, enabling automated learning 
of intricate patterns without manual feature engineering. 
Convolutional Neural Networks (CNNs) demonstrate 
particular effectiveness for image analysis through hier-
archical feature extraction that captures spatial relation-
ships among pixels. Vision Transformers (ViTs) have 
emerged as an alternative approach, treating images as 
sequences of patches and utilizing self-attention mecha-
nisms to capture global context more effectively than 
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traditional local feature extraction methods. The progres-
sion of deep learning has facilitated the development of 
Vision-Language Models (VLMs) [192], which integrate 
visual and textual information for cross-modal under-
standing applications including image captioning and 
visual question answering.

The primary advantage of deep learning lies in auto-
mated feature extraction, replacing traditional hand-
crafted feature methods. CNNs utilize convolutional 
layers to detect visual patterns at multiple scales, while 
attention-based models assign varying importance levels 
to different data elements. This adaptability enables effec-
tive scaling with increasing dataset sizes and accommo-
dation of diverse data types. In agricultural applications, 
deep learning techniques have substantially improved 
plant disease classification through more accurate and 
automated diagnosis capabilities. Figure 4 illustrates the 
typical workflow of a plant disease detection system, 
encompassing stages from image acquisition to final 
classification.

Deep learning models for agricultural disease classification
Deep learning algorithms for plant disease classification 
analyze visual symptoms on plant tissues to distinguish 
among various pathological conditions through auto-
mated feature extraction and pattern recognition.

Species-Specific Neural Network Architectures Crop-
specific detection strategies have emerged to address dis-
tinct disease manifestations across different plant species. 
Chen et al. [54] developed DFCANet for corn leaf disease 
recognition, achieving 98.47% accuracy and demonstrat-
ing superior performance compared to conventional 

CNN architectures. Zeng et al. [289] introduced LDSNet, 
a lightweight model incorporating attention mechanisms 
that achieved 95.4% accuracy for corn disease detection. 
For olive crops, Lachgar et al. [128] reported 98.43% 
accuracy using optimized CNN topologies, while Lin et 
al. [139] explored few-shot learning techniques for sce-
narios with limited training data. Velayudhan et al. [256] 
developed a semi-supervised segmentation-driven clas-
sification framework using modified Color Index Veg-
etation Extraction (CIVE-SSL) to generate pixel-level 
pseudo labels for cassava leaf disease identification, 
achieving 89.73% accuracy while reducing dependence 
on densely annotated training data for cassava diseases. 
Tomato disease detection has received substantial atten-
tion, with Sahu et al. [211] combining convolutional 
architectures with traditional machine learning methods 
to achieve 96% accuracy. Wu et al. [273] implemented 
vision transformer-based approaches that surpassed 
standard CNNs with 88.1% accuracy. Zarboubi et al. 
[287] developed CustomBottleneck-VGGNet for tomato 
leaf disease identification, achieving 99.12% accuracy 
with only 1.4 million parameters and demonstrat-
ing superior performance compared to MobileNetV2, 
ResNet50, GoogleNet, VGG16, and VGG19 across mul-
tiple evaluation metrics. The architectural design incor-
porating both CBR (Convolution-BatchNorm-ReLU) and 
CBS (Convolution-BatchNorm-SiLU) blocks demon-
strates thoughtful consideration of activation functions, 
with SiLU implementation in final layers aimed at pre-
serving gradient flow and maintaining nuanced feature 
representations. Khan et al. [120] proposed a novel con-
volutional transformer architecture for tomato maturity 

Fig. 4  Machine learning pipeline for plant disease detection using RGB images, encompassing pre-processing, model training, and inference to distin-
guish between healthy and diseased leaves
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classification that achieves state-of-the-art performance 
with 58–66% improvements in mean average precision 
across three datasets, including their newly introduced 
KUTomaData dataset containing 700 greenhouse images 
from the UAE. Upadhyay and Gupta [250] developed a 
modified ResNeXt approach for detecting fungal diseases 
across multi-crop heterogeneous region datasets (apple, 
custard apple, and guava), achieving 98.92% accuracy on 
14,408 images, while Upadhyay and Gupta [251] refined 
the ResNeXt architecture specifically for apple crops 
through reduced kernel size and grouped convolutions, 
achieving 98.94% accuracy. Coffee crop applications 
demonstrated exceptional performance, with Sharma et 
al. [223] and Aufar et al. [33] employing transfer learn-
ing on the JMuBEN dataset to achieve near perfect test 
accuracy using MobileNet and DenseNet architectures, 
respectively.

Banana disease detection has demonstrated signifi-
cant advancement through specialized architectures 
targeting tropical crop challenges. Selvaraj et al. [219] 
created a robust CGIAR network dataset containing 
12,600 field-collected banana images across 18 disease 
and pest classes, implementing deep transfer learning 
with three CNN architectures (ResNet50, InceptionV2, 
MobileNetV1) and achieving over 90% detection accu-
racy through expert annotation involving 30,952 labeled 
samples, demonstrating the effectiveness of heteroge-
neous field backgrounds for model generalization in 
real-world agricultural applications. Bhuiyan et al. [44] 
introduced BananaSqueezeNet, a computationally effi-
cient convolutional neural network specifically designed 
for real-time banana disease identification, achieving 
comprehensive performance metrics of 96.25% accu-
racy, 96.53% precision, 96.25% recall, and 95.13% MCC 
for three leaf spot diseases while outperforming conven-
tional deep learning architectures and demonstrating 
multi-disease detection capabilities across leaves, fruits, 
and stems including black sigatoka, panama disease, and 
bacterial soft rot with 95.13% accuracy. Rajalakshmi et al. 
[194] developed a specialized deep convolutional neural 
network for comprehensive banana leaf disease and pest 
detection, achieving 99% accuracy through novel archi-
tectural design that surpassed comparative deep learning 
methods and facilitated early-stage intervention strate-
gies for sustainable farming practices in tropical and sub-
tropical regions. Elinisa and Mduma [71] implemented 
a mobile-deployed CNN architecture for banana dis-
ease identification, achieving 91.17% accuracy with real-
time processing capabilities that deliver classification 
results with over 90% confidence in under five seconds 
per image, demonstrating practical field deployment 
for Fusarium Wilt and Black Sigatoka detection. Jimé-
nez et al. [115] applied CRISP-DM methodology, a sys-
tematic six-phase data mining framework encompassing 

business understanding through deployment, with three 
pre-trained architectures (EfficientNetB0, ResNet50, 
and VGG19) for Black Sigatoka and Cordana detec-
tion in Ecuadorian banana crops, achieving accuracies 
of 88.33%, 88.90%, and 87.22% respectively on a dataset 
of 900 field-collected images expanded to 9,000 through 
TensorFlow Keras data augmentation techniques. Sujatha 
et al. [236] proposed an integrated AI solution combin-
ing deep learning feature extraction through VGG19 and 
Inception v3 architectures with machine learning classi-
fiers (SVM, kNN), achieving notable performance varia-
tions across species with banana leaf datasets reaching 
91.9% accuracy (Inception v3+SVM) and custard apple 
datasets achieving 99.1% accuracy (VGG19+kNN), dem-
onstrating the effectiveness of hybrid DL-ML approaches 
for multi-species plant disease detection. Thiagarajan et 
al. [245] addressed CNN limitations in rotation and scale 
invariance for banana disease detection by proposing two 
hybrid approaches: ANN integrated with Scale-Invariant 
Feature Transform (SIFT) for complex pattern recogni-
tion through activation function processing, and ANN 
combined with Histogram of Oriented Gradients (HOG) 
and Local Binary Patterns (LBP) for local pattern and 
gradient representation, demonstrating enhanced feature 
extraction capabilities compared to conventional CNN 
architectures.

Generalized multi-species classification models  Uni-
versal deep learning models capable of identifying dis-
eases across multiple plant species have demonstrated 
significant advancement over traditional approaches. 
Ferentinos [78] achieved 99.48% accuracy using a modi-
fied VGG model on the PlantVillage dataset. Wang et al. 
[260] developed ITC-Net, integrating image and textual 
information for disease recognition with 99.66% accuracy. 
Zhang et al. [292] proposed IBSA-Net for complex envi-
ronmental conditions, achieving an F1-score of 0.9433. Yu 
et al. [283] introduced the Inception Convolutional Vision 
Transformer (ICVT), demonstrating 99.94% accuracy on 
PlantVillage and 77.54% on PlantDoc datasets.

Network architecture enhancement strategies  Archi-
tectural optimization techniques have focused on 
improving computational efficiency while maintaining 
classification performance. Chen et al. [53] developed the 
Both-channel Residual Attention Network (B-ARNet), 
achieving 89% accuracy in tomato disease classification. 
Atila et al. [32] demonstrated EfficientNet’s superiority 
with 99.97% accuracy on PlantVillage with minimal pre-
processing requirements. Hassan et al. [99] improved 
computational efficiency through depth-separable convo-
lutions, achieving 99.56% accuracy. Ruth et al. [209] intro-
duced a two-level weight optimization process combining 
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butterfly optimization and genetic algorithms, reaching 
99% accuracy on modified PlantVillage datasets.

Object detection networks for spatial disease localization
Object detection methodologies utilizing architectures 
such as YOLO and Mask R-CNN provide both classifica-
tion and spatial localization capabilities, enabling precise 
identification of disease regions within plant tissues. This 
spatial information facilitates targeted treatment applica-
tions, contributing to more effective disease management 
strategies.

Deep learning-based localization techniques have dem-
onstrated substantial advancement in automated disease 
region identification. YOLO-based implementations have 
shown particular effectiveness across diverse crop spe-
cies. Li et al. [135] enhanced YOLOv5s with CSP mod-
ules and Transformer encoders, achieving 93.1% mAP on 
curated datasets. Qi et al. [189] developed SE-YOLOv5 
for tomato virus detection, obtaining 91.07% accuracy 
with 94.89% mAP. Li et al. [131] introduced YOLO-JD for 
jute disease identification, surpassing comparative meth-
ods with 96.63% average mAP.

Crop-specific optimizations have demonstrated 
enhanced performance for particular species. Zhang et 
al. [298] improved grape downy mildew detection using 
YOLOv5-CA, achieving 89.55% mAP, while Xie et al. 
[277] developed Faster DR-IACNN for grape leaf dis-
eases with 81.1% mAP. Apple disease detection applica-
tions include Li et al. [134] proposing BTC-YOLOv5s 
with 84.3% mAP and Liu et al. [144] presenting YOLOX-
ASSANano achieving 91.08% mAP on proprietary datas-
ets. Bellout et al. [39] evaluated advanced YOLO models 
(YOLOv5, YOLOX, YOLOv7, YOLOv8, and YOLO-
NAS) for real-time tomato leaf disease detection, with 
YOLOv5 achieving the highest mean average precision 
of 93.1% after hyperparameter optimization on combined 
PlantDoc and PlantVillage datasets. Zarboubi et al. [286] 
developed an integrated IoT-based pest management sys-
tem utilizing YOLOv8m deployed on Raspberry Pi 4B 
for automated counting of tomato pests in pheromone 
traps with Firebase cloud integration, which was subse-
quently refined by Zarboubi et al. [285] through YOLOv8 
optimization to achieve better computational efficiency 
and detection accuracy balance. Gomez et al. [95] imple-
mented state-of-the-art YOLO-driven deep learning for 
comprehensive common bean disease detection across 
Africa and Colombia, comparing YOLOv7, YOLOv8, 
and YOLO-NAS architectures on whole and micro-level 
annotations covering five critical diseases, achieving 
exceptional performance with YOLO-NAS (97.9% mAP 
for leaf detection) and demonstrating practical deploy-
ment through Android application integration that deliv-
ers 90% accuracy for rapid field diagnosis, significantly 

reducing intervention time for smallholder farmers in 
resource-limited environments.

Computational efficiency considerations have led to 
lightweight architecture development. Wang et al. [266] 
optimized YOLOv3-tiny-IRB for tomato disease and pest 
detection, significantly improving detection speed while 
maintaining accuracy. Liu and Wang [143] developed 
MobileNetv2-YOLOv3 for early tomato grey leaf spot 
diagnosis, attaining 92.53% mAP. Ye et al. [281] intro-
duced cascade-DETR, enhancing detection accuracy 
through improved architectural design.

Semantic segmentation architectures for disease boundary 
representation
Semantic segmentation methodologies partition 
plant imagery into healthy and diseased regions at the 
pixel level, providing detailed characterization of dis-
ease distribution and severity assessment capabilities. 
These approaches enable precise intervention planning 
through accurate spatial understanding of pathological 
conditions.

U-Net architectures have demonstrated particular 
effectiveness for plant disease segmentation applications. 
Lin et al. [141] developed a UNet-based semantic seg-
mentation model for cucumber powdery mildew iden-
tification, achieving superior performance compared to 
traditional machine learning approaches with high aver-
age pixel accuracy. Shoaib et al. [224] introduced hybrid 
U-Net and Modified U-Net approaches for tomato plant 
disease segmentation, demonstrating enhanced perfor-
mance when combined with InceptionNet classification 
models. Khan et al. [120] proposed a convolutional trans-
former architecture for three level tomato maturity seg-
mentation, achieving superior performance with 58.14−
66.39% improvement in mean average precision over 
state-of-the-art methods across three benchmark data-
sets including cluttered and occluded instances. Rana et 
al. [196] developed an automated segmentation pipeline 
utilizing YOLOv8x-seg, Grounding DINO, and Segment 
Anything Model (SAM) for multi-temporal cauliflower 
crop growth monitoring through aerial images and 
ortho-mosaics, achieving robust correlation between 
imaging modalities and enabling precise temporal analy-
sis of crop row development across six distinct temporal 
instances. Anwar et al. [26] proposed specialized datas-
ets for wheat stripe rust disease segmentation, utilizing 
UNet architectures for image patch analysis. Upadhyay 
and Gupta [252] developed SegLearner, a segmentation-
based approach for predicting disease severity in infected 
apple and guava leaves, achieving 91.4% mIoU on the 
Mask-LeafDataset and demonstrating superior perfor-
mance compared to UNet, SegFormer, and MaskRCNN 
through the combination of Adaptive Feature Aggrega-
tion and Multi-Scale Contextual Fusion modules with 
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semi-supervised learning techniques. Elinisa et al. [72] 
developed a U-Net semantic segmentation model for 
early detection and spatial localization of Fusarium Wilt 
and Black Sigatoka in banana crops, achieving 96.45% 
Dice Coefficient and 93.23% Intersection over Union 
(IoU) on the Tanzania Bananas Dataset containing 
18,240 mobile phone-captured images of diseased leaves 
and stalks, demonstrating precise pixel-level segmenta-
tion capabilities for disease boundary identification in 
East African agricultural contexts. Kursun et al. [126] 
implemented a two-stage framework utilizing U-Net 
architecture for precise segmentation of bean disease 
regions followed by classification using multiple deep 
learning architectures, with DenseNet201 achieving per-
fect accuracy on segmented disease areas for angular leaf 
spot and bean rust detection, while demonstrating the 
effectiveness of medical image segmentation techniques 
adapted for agricultural applications and establishing the 
superiority of targeted disease region analysis over con-
ventional whole-image classification approaches.

Alternative segmentation architectures have explored 
diverse pathological applications. Mzoughi and Yahi-
aoui [172] implemented PSPnet-101 for multi-species 
disease identification, achieving variable success in dis-
ease-affected region localization. Hybrid approaches 
have shown promise, with Anwar et al. [26] developing 
a 2D-CNN-Bidirectional GRU model that outperformed 
conventional CNN architectures, achieving an F1 score 
of 0.75 and accuracy of 0.743 for Fusarium head blight 
detection. Jeong et al. [110] demonstrated Mask R-CNN’s 
superior classification and segmentation capabilities for 
tomato leaf miner detection compared to alternative 
methodologies.

Generative models for synthetic plant disease data 
augmentation
Generative Adversarial Networks (GANs) employ adver-
sarial training between generator and discriminator net-
works to produce synthetic data that addresses dataset 
limitations in plant disease detection. These unsuper-
vised learning approaches reduce annotation costs while 
enhancing model generalization capabilities through data 
augmentation strategies.

GAN-based augmentation techniques have dem-
onstrated significant improvements in disease detec-
tion performance. Douarre et al. [69] utilized SegNet 
with GANs and plant canopy simulation methods for 
apple scab segmentation, achieving a 17% performance 
increase compared to conventional techniques while 
reducing annotation costs. Wu et al. [272] implemented 
DCGAN for data augmentation, resulting in 94.33% 
top-1 average identification accuracy with enhanced 
model generalization capabilities.

Advanced GAN architectures have addressed specific 
crop disease applications. Zhang et al. [291] proposed 
MMDGAN, integrating Mixed Attention and Markov-
ian Discriminator for tomato disease classification, utiliz-
ing deep threshold multi-feature extraction modules that 
merge global and local features. Chen et al. [53] achieved 
97.12% accuracy using B-ARNet with mixed attention 
mechanisms and artificial diseased tomato leaf images. 
Zhang et al. [297] integrated GAN modules into Tranvo-
lution detection networks, enhancing robustness through 
dataset augmentation and feature map enhancement 
with noise masks, achieving precision, recall, and mAP 
scores of 51.7%, 48.1%, and 50.3% respectively on Plant-
Doc datasets. Rana and Gatti [198] developed a modified 
Wasserstein GAN with Gradient Penalty (WGAN-GP) 
for synthesizing agricultural weed images in RGB and 
infrared domains, achieving improved Structural Simi-
larity Index Measure (SSIM) scores. SSIM is a metric 
quantifying perceptual similarity between images ranging 
from 0 to 1. Modified WGAN-GP achieved SSIM from 
0.5364 to 0.6615 for RGB and 0.3306 to 0.4154 for IR 
images of Raphanus raphanistrum through architectural 
enhancements including transposed convolutions, drop-
out, and selective batch normalization.

Domain adaptation approaches have addressed dataset 
distribution challenges. Wu et al. [274] developed Multi-
Representation Subdomain Adaptation Network with 
Uncertainty Regularization (MSUN) for plant disease 
recognition, addressing domain shift issues where image 
acquisition condition variations hinder cross-dataset 
model effectiveness. MSUN employed pseudo-labeling 
for unlabeled data integration with labeled datasets, uti-
lizing subdomain adaptation modules for disease species 
variation handling and multi-representation modules for 
diverse feature capture.

Explainable AI for agricultural decision support and farmer 
trust
Explainable Artificial Intelligence (XAI) methodolo-
gies enhance machine learning decision transparency 
and interpretability for agricultural end-users [8]. These 
approaches address the critical need for understand-
ing model reasoning processes in agricultural decision-
making contexts where interpretability directly impacts 
farmer adoption and trust.

Gradient-based visualization techniques have emerged 
as primary interpretability tools for plant disease detec-
tion. Wei et al. [267] evaluated VGG, GoogleNet, and 
ResNet models using GradCAM, LIME, and Smoothgrad 
for disease classification, determining that GradCAM 
visualizations provided more intuitive understanding 
than alternative techniques by clearly highlighting lesion 
pixels as primary prediction factors. Bhandari et al. [43] 
integrated EfficientNetB5 with LIME and GradCAM 



Page 19 of 44Shafay et al. Plant Methods          (2025) 21:140 

approaches, enhancing interpretability for tomato leaf 
disease diagnosis.

XAI techniques employ diverse methodological 
approaches for feature attribution. LIME generates local 
approximations around predictions to highlight influ-
ential image regions [206], while GradCAM produces 
visual heatmaps indicating contributory areas through 
gradient-weighted class activation mapping [221]. SHAP 
quantifies individual feature contributions using game 
theory-based approaches, providing numerical confi-
dence measures for evidence-based decision making 
[154].

Cross-crop applications have demonstrated XAI inte-
gration effectiveness. Ghosh et al. [93] implemented 
hybrid deep learning with explainable AI for sunflower 
disease recognition, while Elfatimi et al. [70] utilized 
GradCAM for bean crop rust and angular leaf spot detec-
tion, achieving over 92% accuracy with interpretable pre-
dictions. Advanced implementations include Quach et 
al. [191] introducing Focus Score metrics and Ablation-
CAM for maize leaf disease classification explainability 
assessment, and Ghareh Pasha et al. [91] demonstrating 
real-time grape leaf disease classification using light-
weight CNN architectures with GradCAM visualization 
for treatment targeting.

Ethical considerations in agricultural AI systems
The deployment of artificial intelligence systems in agri-
cultural contexts introduces significant ethical con-
siderations that directly impact food security, farmer 
livelihoods, and sustainable agricultural practices. These 
considerations require systematic attention to ensure 
responsible technology implementation.

Dataset bias represents a fundamental challenge in 
agricultural AI deployment, where geographic, crop vari-
ety, and socioeconomic biases can perpetuate existing 
agricultural inequalities [161]. Models trained predomi-
nantly on commercial crop varieties or specific geograph-
ical regions may demonstrate reduced performance for 
subsistence farming systems or underrepresented plant 
varieties, potentially exacerbating agricultural disparities.

High-stakes decision-making scenarios in disease diag-
nosis present significant risks where diagnostic errors 
can result in substantial economic losses or environmen-
tal damage. False positive diagnoses lead to unnecessary 
pesticide applications with associated environmental 
and economic costs, while false negative results enable 
unchecked disease spread, potentially threatening 
regional food security and farmer livelihoods.

Farmer adoption and trust depend critically on inter-
pretable system outputs that align with established 
agricultural expertise and local knowledge systems. 
Community validation mechanisms, wherein local agri-
cultural experts verify AI-generated diagnoses, facilitate 

collective trust development and technology adoption 
[193]. Responsible deployment necessitates systematic 
implementation of transparency, fairness, and account-
ability principles throughout development and deploy-
ment phases, requiring diverse stakeholder engagement 
and comprehensive bias assessment with particular 
attention to geographic and socioeconomic representa-
tion [117].

Meta-learning approaches for few-shot crop disease 
recognition
Few-shot learning (FSL) addresses data scarcity chal-
lenges in plant disease detection by enabling model gen-
eralization with minimal labeled examples. This approach 
is particularly valuable for rare disease detection or sce-
narios involving diverse environmental conditions where 
extensive data collection is impractical. FSL methodolo-
gies train models to learn adaptive strategies rather than 
specific disease patterns, facilitating rapid adaptation to 
novel pathological conditions.

The episodic learning framework divides datasets into 
meta-training and meta-testing components, generating 
episodes containing support sets for learning and query 
sets for evaluation. This approach simulates real-world 
scenarios where limited examples of newly discovered 
diseases are available. Figure 5 illustrates the key stages of 
few-shot learning workflow, including data partitioning, 
episode generation, model training, and performance 
evaluation.

Transfer learning and fine-tuning approaches have 
demonstrated effectiveness in FSL applications. Uskaner 
Hepsağ [255] implemented a strategy using ImageNet 
pre-trained models fine-tuned on PlantCLEF2022 data-
sets, achieving 88.4% accuracy at 10-shots and 75.5% at 
5-shots on PlantVillage data through SVM classification 
of extracted embeddings. Rezaei et al. [204] introduced 
5-way 5-shot classification using ViT and ResNet50 with 
Feature Attention modules, demonstrating ViT supe-
riority with 90.12% accuracy compared to ResNet50’s 
76.69%. Upadhyay and Gupta [253] developed a meta-
learning approach for mango crop maturity estimation 
using DenseNet-121 backbone with Faster R-CNN seg-
mentation, achieving 68.45% accuracy in 2-way 1-shot 
and 83.65% accuracy in 2-way 5-shot scenarios with only 
0.7 million trainable parameters, demonstrating supe-
rior performance compared to MAML and traditional 
D-CNN approaches while requiring minimal training 
data.

Multi-modal and generative approaches have enhanced 
FSL capabilities. Cao et al. [49] employed Vision-Lan-
guage Pre-training for cucumber disease detection, 
achieving 94.84% accuracy through image-text contras-
tive learning integration while maintaining cross-dataset 
generalization. Argüeso et al. [27] utilized Inception V3 
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networks combined with Siamese networks and Trip-
let loss, achieving up to 90.0% accuracy for 80 shots. 
Nuthalapati and Tunga [178] implemented trans-
former-based embeddings with Mahalanobis distance 
classification, reaching 88.5% accuracy. Zhong et al. [300] 
employed conditional adversarial autoencoders to trans-
form zero- and few-shot scenarios into supervised tasks, 
demonstrating competitive performance in challenging 
conditions.

Vision language models for enhanced disease recognition
Vision-Language Models (VLMs) integrate visual per-
ception with textual understanding to create unified 
frameworks capable of interpreting images and language 
simultaneously. These architectures enable image 
description, visual question answering, and zero-shot 
classification capabilities without task-specific train-
ing. VLM architectures typically comprise separate 
image and text encoders with multimodal fusion mecha-
nisms for cross-modal alignment. Figure 6 illustrates the 

generalized VLM architecture featuring Image Encod-
ers (CNN/ViT), Text Encoders (transformers), and 
Multimodal Processing units that align and fuse repre-
sentations through feature alignment and cross-attention 
mechanisms.

Agricultural VLM applications have demonstrated 
particular effectiveness in plant disease identification 
through visual-textual integration. Zhang et al. [290] 
developed the Wheat Disease Language Model, process-
ing raw images using Grounded-SAM [202] for disease 
feature segmentation and employing prompt engineering 
with VLMs to generate detailed descriptions. The model 
utilizes InternLM-XComposer2 [67] fine-tuning on the 
specialized Wheat Disease Semantic Dataset (WDSD), 
enabling mobile deployment for practical field appli-
cations. Li et al. [133] proposed ITIMCA (Image-Text 
Integration with Multi-modal Contrastive Attention), a 
few-shot learning framework combining CLIP pre-train-
ing with cross-attention mechanisms to address agricul-
tural data scarcity, achieving 78.00% accuracy and 0.79 

Fig. 6  Generalized Vision-Language Model Architecture for Plant Disease Detection

 

Fig. 5  Few-Shot Learning Workflow Diagram
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F1-score for cassava leaf disease recognition under natu-
ral conditions through multi-modal contrastive learning 
integration of visual and textual features.

Anomaly detection approaches have leveraged VLMs 
for fine-grained disease recognition. Dong et al. [66] 
developed vision-language anomaly detection methods 
prioritizing visual information over traditional text-based 
prompts. Their approach achieved 99.85% AUROC in 
all-shot settings and 93.81% in 2-shot scenarios on Plant-
Village through maximum concept matching, where test 
samples from known categories exhibit higher matching 
scores.

Few-shot classification implementations have 
addressed limited data scenarios. Zhou et al. [303] intro-
duced VLCD (Vision-Language Crop Disease) using 
Qwen-VL [36] to generate textual descriptions of rep-
resentative disease images selected through clustering. 
The approach enhanced classifier weight generation with 
cross-attention mechanisms in training-free modes and 
Squeeze-and-Excitation attention in training-enabled 
variants.

Open-vocabulary object detection (OVD) extends 
VLM capabilities to novel category recognition beyond 
training distributions [288]. Li et al. [136] developed 
PDC-VLD, a multimodal model for tomato leaf disease 
detection using OVD within the VLDet framework. The 
model integrates progressive visual transformer-convo-
lutional pyramid modules (PVT-C) for feature extraction 
and context feature-guided modules (CFG) to enhance 
performance in data-scarce conditions.

Limitation analysis for color imagery-based plant disease 
detection
Despite achieving laboratory accuracies of 94–99% across 
classical, machine learning, and deep learning method-
ologies, RGB-based plant disease detection exhibits fun-
damental constraints that persist across computational 
generations. While RGB imaging has achieved rapid 
technological evolution and widespread adoption, sys-
tematic limitations continue to restrict reliable agricul-
tural deployment. This analysis examines the persistent 
constraints that challenge field implementation despite 
substantial computational advances.

Environmental adaptation constraints
RGB disease detection methods struggle to maintain 
laboratory performance under field conditions due to 
limited spectral information and environmental sensitiv-
ity. Illumination dependency makes RGB sensors highly 
susceptible to lighting variations that affect color percep-
tion, with classical methods [28] achieving 94% accuracy 
under controlled conditions but demonstrating severe 
degradation under natural solar variations and shadow 
patterns. Background interference sensitivity occurs as 

disease detection relies on color-based discrimination 
that becomes unreliable with natural backgrounds, soil 
variations, and seasonal changes, while advanced CNN 
architectures [78] achieving 99.48% on PlantVillage show 
poor generalization with complex agricultural back-
grounds. Weather-induced degradation through rain, fog, 
dust, and humidity significantly impacts image quality 
essential for disease discrimination, with deep learning 
approaches [32] reporting 99.97% accuracy lacking sys-
tematic weather variability evaluation. Laboratory-field 
performance degradation reaches 22.4% [283] (99.94% 
on PlantVillage versus 77.54% on PlantDoc), demonstrat-
ing that environmental standardization systematically 
excludes natural variability factors including dynamic 
lighting, weather patterns, and phenological diversity.

Spectral information limitation constraints
RGB imaging faces fundamental spectral constraints that 
limit disease detection capabilities regardless of computa-
tional sophistication. Narrow spectral coverage restricts 
sensors to visible spectrum (400–700 nm), excluding 
near-infrared and other wavelengths containing critical 
disease signatures related to cellular structure changes, 
with machine learning approaches [190] extracting 129 
features from RGB imagery unable to compensate for 
fundamental spectral information gaps limiting early 
detection. Subtle symptom detection failures occur as 
early disease manifestations involve biochemical changes 
preceding visible symptoms, requiring spectral sensitiv-
ity beyond RGB capabilities, with vision transformer 
approaches [273] achieving 88.1% accuracy but demon-
strating limitations in detecting pre-symptomatic stages 
where intervention would be most valuable. Disease dis-
crimination ambiguity emerges as multiple diseases pro-
duce visually similar symptoms in RGB imagery, creating 
diagnostic confusion that computational sophistication 
cannot resolve, while generative approaches [291] achiev-
ing high laboratory accuracy face challenges distinguish-
ing between diseases with similar color manifestations 
but different treatment requirements. Environmental 
stress confusion occurs as RGB imagery cannot reliably 
distinguish between biotic disease symptoms and abiotic 
stress factors (drought, nutrient deficiency, heat stress) 
that produce similar visual changes, with advanced archi-
tectures like CSXAI [187] still suffering from diagnostic 
ambiguity inherent to limited spectral information.

Deployment scalability limitation
RGB approaches face escalating trade-offs between 
computational sophistication and practical deployment 
requirements, with each methodological generation 
introducing new scalability challenges. Computational 
complexity escalation occurs as deep learning architec-
tures require substantial processing power conflicting 
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with agricultural constraints, with vision-language mod-
els [290] integrating Grounded-SAM segmentation, 
prompt engineering, and InternLM-XComposer2 pro-
cessing, creating overhead incompatible with real-time 
field processing and resource-constrained environments. 
Data dependency amplification emerges as advanced 
methods require extensive labeled datasets that can-
not capture agricultural diversity across crops, regions, 
and conditions, with few-shot learning approaches [255] 
demonstrating critical dependency on support set size 
(88.4% at 10-shots versus 75.5% at 5-shots), indicating 
limitations when deploying to novel scenarios with lim-
ited training data. Model complexity versus interpret-
ability trade-offs manifest as sophisticated architectures 
achieve accuracy through complex representations lack-
ing agricultural interpretability essential for farmer 
adoption, with explainable AI techniques [43] requir-
ing technical expertise creating adoption barriers where 
simplified decision support is essential. Infrastructure 
dependency barriers arise as advanced RGB systems 
require high-quality imaging equipment, computational 
resources, and connectivity unavailable in many agri-
cultural regions, with multi-modal approaches [49] 
achieving 94.84% accuracy through Vision-Language Pre-
training creating infrastructure requirements exceeding 
small-scale farming capabilities where detection systems 
are most needed.

Methodological evolution in color imagery-based plant 
disease detection
The chronological analysis of RGB-based plant disease 
detection methodologies reveals three fundamental par-
adigm shifts that establish theoretical foundations for 
next-generation agricultural AI systems. Figure  7 dem-
onstrates systematic progression from rule-based image 
processing to sophisticated neural architectures, illu-
minating technological forces driving methodological 
advancement and providing conceptual frameworks for 
future development trajectories.

Early methodologies (2008–2015) established agricul-
tural determinism paradigms through classical image 
processing, treating disease detection as rule-based pat-
tern recognition problems exemplified by color trans-
formation techniques [47] and triangular thresholding 
[185]. The adaptation phase (2015–2020) marked fun-
damental transition toward statistical agricultural 
intelligence, where CNN architectures [166, 230] dem-
onstrated a transition from manual feature engineering 
to automated agricultural pattern discovery. Contem-
porary methodologies (2020–2025) exhibit convergence 
toward multi-modal agricultural cognition, integrating 
vision transformers [283], few-shot learning [255], and 
vision-language models [290] that establish frameworks 
mimicking human cognitive processes through attention 
mechanisms and cross-modal understanding.

Fig. 7  Chronological overview of the most relevant methodologies for plant disease detection. The color of the box represents the classification of meth-
odology while the color of the arrow shows the task performed. The timeline illustrates the progression of machine learning algorithms in plant disease 
detection, tracing the developments from foundational methods to advanced techniques involving various neural network architectures, highlighted by 
the interconnected influences and improvements across different studies
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Hyperspectral approaches to disease detection
Hyperspectral imaging represents a significant perfor-
mance-adoption challenge in plant disease detection. 
While HSI’s extended spectral range (250–15,000 nm) 
enables detection of disease-specific biochemical sig-
natures beyond RGB’s limited 380–750 nm range, two 
decades of research achieving 95–99% laboratory accu-
racies have not translated into widespread agricultural 
deployment. Figure  8 illustrates this spectral advantage 
that creates both detection capabilities and deployment 
challenges. The ability to detect fungal infections through 
near-infrared tissue structure changes (700–1100 nm), 
bacterial metabolic alterations in shortwave infrared 
(1100–2500 nm), and nutrient deficiencies through spe-
cific reflectance patterns (nitrogen: 550–650 nm, phos-
phorus: 430–470 nm) creates information richness that 
enables precise laboratory detection while complicating 
practical field implementation [21].

Table 5 illustrates deployment characteristics influenc-
ing technology adoption in agricultural disease detection. 
The comparison reveals trade-offs between technical per-
formance and practical implementation requirements. 
While hyperspectral imaging demonstrates higher accu-
racy in controlled environments (95–99% vs. 85–95% for 
RGB), several factors limit field deployment: equipment 
costs are substantially higher (USD10,000+ vs. USD100–
1,000), data processing requirements are more intensive 
(GB vs. MB per sample), and technical expertise demands 
exceed those of RGB systems [65, 151]. RGB systems 
show wider commercial adoption despite lower spec-
tral resolution, attributed to compatibility with existing 
infrastructure and reduced operational complexity [81, 
83]. The performance-deployment gap for HSI systems 
reflects challenges in translating laboratory advances to 
field applications, where environmental variability, pro-
cessing constraints, and cost considerations become 
determinative factors, informing analysis of technology 
transfer barriers in precision agriculture.

Figure  9 depicts the hyperspectral imaging process-
ing workflow for plant disease detection, highlighting 
the computational and operational requirements at each 
stage. The pipeline encompasses spectral data acquisi-
tion, preprocessing (including atmospheric correction 
and reflectance calibration), dimensionality reduction 
through principal component analysis, and classifica-
tion algorithms. Each processing step introduces specific 
technical requirements: specialized sensor calibration, 
expertise in spectral preprocessing, computational 
resources for high-dimensional data analysis, and algo-
rithm optimization for agricultural conditions [151]. 
The performance of the workflow depends on controlled 
acquisition conditions, including stable illumination and 
precise sensor calibration, which may vary in field envi-
ronments compared to laboratory settings. The disparity 
between laboratory and field performance can be attrib-
uted to environmental variability, processing constraints, 
and the complexity of translating multi-stage pipelines to 
real-time agricultural applications. Understanding these 
pipeline requirements provides context for evaluating 

Table 5  Comparative analysis of RGB and hyperspectral imaging 
deployment characteristics in agricultural disease detection
Deployment Factor RGB Systems Hyperspectral 

Systems
Reported Accuracy 85–95% (field studies) 

[40, 215]
95–99% (controlled 
conditions) [151, 195]

Current Adoption Commercial deploy-
ment [81, 83]

Primarily research-
based [151, 195]

Equipment Cost USD100–1,000 [65, 
212]

USD10,000+ [65, 105, 
151]

Operator 
Requirements

Basic training [149] Spectral analysis exper-
tise [151]

Processing Speed Real-time capable [83] Computationally inten-
sive [105, 151]

Environmental 
Robustness

Field-validated perfor-
mance [89]

Variable field perfor-
mance [151, 195]

Data Requirements 3MB per image [83] GB datacubes [151, 
195]

Detection Capability Visible symptom 
identification [149]

Pre-symptomatic de-
tection potential [151]

User Interface Visual interpretation 
[83]

Requires spectral 
analysis [151, 195]

Integration 
Requirements

Standard agricultural 
hardware [81]

Specialized sensor 
systems [105, 151]

Fig. 8  HSI captures a wide range of wavelengths, spanning from 250 nm to 15,000 nm, while RGB image can capture only visible range from 380 nm to 
750 nm
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the practical implementation of HSI systems in precision 
agriculture.

The following sections examine the evolution of hyper-
spectral imaging methodologies from classical spec-
tral analysis through machine learning to deep learning 
approaches. This analysis evaluates how methodologi-
cal advances have addressed deployment challenges 
and identifies persistent barriers to widespread field 
implementation. Rather than solely reviewing technical 
developments, the discussion assesses the relationship 
between algorithmic sophistication and practical applica-
bility in agricultural settings. The examination considers 
whether increased computational complexity has corre-
sponded with improved field deployment outcomes, and 
explores factors that influence the translation of labora-
tory advances to operational agricultural systems.

Traditional hyperspectral processing
Classical computer vision techniques established the 
foundational promise of HSI disease detection while 
simultaneously revealing systematic limitations that con-
strain all subsequent methodological generations. This 
section examines how classical approaches achieved 
remarkable laboratory accuracies (99–100%) through 
direct spectral analysis, dimensionality reduction, and 
index-based simplification, while their systematic deploy-
ment failures revealed core constraints that persist across 
two decades of computational advancement.

Direct spectral signature analysis
Spectral signature analysis established the theoretical 
foundation for HSI disease detection through compre-
hensive laboratory investigations. Huang et al. [103] 
developed early fungal disease detection protocols for 

blueberries, utilizing 400 samples with partial least 
squares discriminant analysis (PLSDA) applied to hyper-
spectral data. Their methodology emphasized wave-
lengths beyond 685 nm, particularly in the near-infrared 
spectrum, achieving 99% classification accuracy for 
healthy samples and 100% for early diseased specimens. 
Lu et al. [153] implemented a comprehensive approach 
for tomato yellow leaf curl virus detection, employ-
ing reflectance spectroscopy combined with band ratio 
analysis. Their protocol integrated texture analysis meth-
ods including ROC curve evaluation and Gray Level 
Co-occurrence Matrix (GLCM) analysis, achieving an 
optimal AUC value of 1.0 using the 720/840 nm band 
ratio. Li et al. [137] developed diagnostic protocols for 
Pine Wilt Disease detection in Japanese and Korean pine 
trees through systematic identification of key diagnostic 
spectral bands, applying Linear Discriminant Analysis 
(LDA) for classification and achieving 77% and 78% accu-
racy for healthy and infected trees, respectively.

Spectral feature selection
Classical feature selection approaches sought to leverage 
HSI’s spectral richness while addressing computational 
complexity through systematic dimensionality reduction. 
Whetton et al. [269] developed comprehensive detec-
tion protocols for Fusarium head blight and yellow rust 
in wheat and barley, implementing Principal Compo-
nent Analysis (PCA) and Partial Least Squares Regres-
sion (PLSR) for spectral data processing. Their controlled 
laboratory methodology achieved R2 values ranging from 
0.75 to 0.95 for Fusarium head blight detection and 0.76 
to 0.92 for yellow rust identification, though performance 
varied significantly across different growth stages. Field 
validation studies [270] revealed substantial performance 

Fig. 9  Visual representation of a plant disease detection process using spectral analysis and machine learning. The leftmost image cube symbolizes the 
extraction of spectral features from diseased leaf imagery, which are then fed into a layered CNN architecture for feature learning and classification, with 
the output being disease identification [155], severity assessment [114] or early stage detection [165]
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variations, with yellow rust detection declining to R2 val-
ues between 0.72 and 0.78, while Fusarium head blight 
detection dropped to R2 values between 0.61 and 0.82, 
representing up to 36% performance degradation from 
optimal laboratory conditions.

Skoneczny et al. [229] implemented hyperspectral 
remote sensing protocols for Fire Blight identification in 
apple trees, utilizing Analysis of Variance (ANOVA) and 
spectral indices to systematically evaluate discriminative 
capabilities across the electromagnetic spectrum. Their 
methodology identified NIR-SWIR bands from 850 to 
2500 nm as most discriminative, with specific bands at 
1450 and 1900 nm demonstrating strong disease-indica-
tive responses. Jones et al. [118] developed spectroscopic 
assessment protocols for tomato leaf spot severity quanti-
fication, implementing Stepwise Multiple Linear Regres-
sion (SMLR) and Partial Least Squares (PLS) regression 
analysis. Their approach achieved R2 = 0.82 with RMSD 
= 4.9% in validation datasets, identifying chlorophyll 
absorption wavelengths as most diagnostic for disease 
severity assessment.

Index-based simplification approaches
Spectral vegetation indices represent systematic attempts 
to distill complex hyperspectral signatures into interpre-
table scalar metrics for disease detection applications. 
Abdulridha et al. [7] developed index-based classification 
protocols for tomato diseases, implementing Modified 
Triangular Vegetation Index 1 (MTVI1) and Renormal-
ized Difference Vegetation Index (RDVI) for disease dis-
crimination. Their controlled laboratory methodology 
achieved 100% classification accuracy across multiple 
tomato disease categories. Abdulridha et al. [6] expanded 
index-based approaches through comprehensive evalua-
tion of multiple spectral indices including Photochemical 
Reflectance Index (PRI), Normalized Difference Vegeta-
tion Index (NDVI), Triangular Vegetation Index (TVI), 
and Chlorophyll Green Index. Their laboratory proto-
cols achieved classification accuracies between 97% and 
99% for distinguishing between morphologically similar 
tomato diseases.

Machine learning integration with hyperspectral data
Machine learning integration with hyperspectral imag-
ing represents a systematic attempt to overcome the 
limitations presented by classical methods through auto-
mated pattern recognition and sophisticated feature 
extraction capabilities. These approaches encompass 
classification-based disease detection, regression-based 
severity assessment, and feature reduction method-
ologies that demonstrate substantial laboratory perfor-
mance improvements over traditional spectral analysis 
techniques. However, systematic evaluation reveals that 
machine learning methods, despite computational 

sophistication, exhibit deployment constraints that mir-
ror the fundamental limitations established by classical 
approaches. This section examines whether data-driven 
methodologies successfully address the environmental 
robustness, information-complexity balance, and tempo-
ral generalization requirements critical for agricultural 
deployment, or whether they amplify existing constraints 
through increased computational complexity and data 
dependency.

Classification-based disease detection
Research Contributions and Methodological Approaches 
Machine learning classification methods represent sys-
tematic attempts to automate pattern recognition in 
hyperspectral disease detection through supervised 
learning algorithms. Abdulridha et al. [5] implemented 
UAV-based spectral vegetation index analysis for cit-
rus canker detection in tangerines, integrating aerial 
data acquisition with automated classification protocols. 
Cheshkova [55] applied Support Vector Machine (SVM) 
and K-Nearest Neighbors (KNN) algorithms for fun-
gal infection discrimination on strawberry leaves, with 
SVM demonstrating superior classification perfor-
mance. Alisaac et al. [22] employed SVM classification 
for Fusarium head blight detection in wheat, achieving 
99% accuracy while identifying significant spectral veg-
etation indicators for disease discrimination. Rumpf et 
al. [207] implemented SVM-based classification proto-
cols for sugar beet leaf health assessment, achieving 86% 
accuracy in healthy versus infected leaf discrimination. 
Calamita et al. [46] evaluated multiple machine learn-
ing algorithms for early grapevine disease detection, 
with Naïve Bayes classification demonstrating optimal 
performance. Sankaran et al. [217] utilized SVM clas-
sification for Huanglongbing detection in citrus trees, 
achieving 87% discrimination accuracy. Lan et al. [129] 
implemented AdaBoost ensemble classification methods 
for HLB identification in citrus trees using multispectral 
UAV data, achieving 100% classification accuracy.

Regression-based severity assessment
Regression methodologies enable quantitative disease 
severity assessment by establishing mathematical rela-
tionships between hyperspectral reflectance patterns 
and continuous disease severity scales, typically rang-
ing from 0% (healthy) to 100% (fully diseased). The 
machine learning process involves training algorithms on 
hyperspectral data paired with expert-assessed severity 
ratings, enabling automated prediction of disease pro-
gression stages from spectral signatures. R2 correlation 
coefficients measure the proportion of severity variance 
explained by spectral predictors, where values approach-
ing 1.0 indicate strong predictive relationships between 
reflectance patterns and disease intensity levels.
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Lu and He [150] established theoretical frameworks for 
applying regression models to disease progression analy-
sis and chlorophyll content estimation from hyperspec-
tral signatures. Feng et al. [77] developed comprehensive 
monitoring protocols for wheat powdery mildew severity 
assessment, implementing Random Forest (RF) Regres-
sion with systematic preprocessing and feature extraction 
techniques. Their methodology focused on specific spec-
tral bands during flowering stages, achieving R2 values 
of 0.849-−0.852 for severity estimation, indicating that 
spectral features explained 84.9−85.2% of disease sever-
ity variance. Jiang et al. [113] implemented hyperspec-
tral differentiation and severity assessment protocols for 
apple leaf mosaic disease, identifying significant spectral 
responses at 702 nm wavelength. Their comparative eval-
uation of RF and Variable Projection eXtreme Gradient 
Boosting (VPs-XGBoost) models demonstrated superior 
performance with VPs-XGBoost achieving R2 = 0.849 
for anthocyanin content estimation and disease severity 
monitoring.

Feature reduction and wavelength selection
Feature reduction methodologies address the com-
putational challenges inherent in high-dimensional 
hyperspectral data by identifying optimal spectral sub-
sets while preserving disease-diagnostic information. 
Machine learning algorithms facilitate this process 
through automated feature selection and dimensionality 
reduction techniques that transform hundreds of spectral 
bands into manageable feature sets for disease detection 
applications. Zhao et al. [299] implemented Principal 
Component Analysis (PCA) for hyperspectral dimen-
sionality reduction, enabling computational efficiency 
improvements and enhanced classification accuracy. 
Liu et al. [145] developed integrated feature selection 
protocols for Frogeye Leaf Spot detection in soybeans, 
combining Competitive Adaptive Reweighted Sampling 
(CARS) with PCA for wavelength selection and data 
reduction, achieving 97.3% accuracy with SVM and LS-
SVM models. Lu et al. [152] applied PCA with 57 spectral 
vegetation indices -for tomato disease detection, achiev-
ing near 100% accuracy for late-stage and healthy leaves 
while experiencing accuracy degradation to 65.2% for 
asymptomatic leaves. Xie et al. [276] employed Succes-
sive Projections Algorithm for key wavelength identifica-
tion in tomato early and late blight detection, achieving 
97.1–100% accuracy with Extreme Learning Machine 
(ELM) classification. Moshou et al. [169] implemented 
real-time feature reduction for yellow rust detection in 
winter wheat, combining hyperspectral data with fluores-
cence imaging and achieving 94.5% discrimination accu-
racy through Quadratic Discriminant Analysis. Shuaibu 
et al. [225] utilized Orthogonal Subspace Projection 
(OSP) for Apple Marssonina blotch detection, reducing 

437 spectral bands (356–1000 nm) to ten optimal bands 
primarily in the 921–957 nm range, achieving 84.3% 
classification accuracy with ensemble bagged classifi-
ers across five disease severity classes. Machine learning 
integration with HSI demonstrates systematic constraints 
that mirror classical method limitations despite compu-
tational sophistication. Classification approaches achieve 
high laboratory accuracy (86–100%) through algorithm-
specific overfitting rather than robust pattern learning. 
Regression methods exhibit temporal specificity limi-
tations and correlation-causation interpretation errors 
that compromise field applicability. Feature reduction 
techniques create information loss-efficiency limitations 
that eliminate spectral diversity essential for environ-
mental robustness. These constraints reveal that machine 
learning approaches amplify rather than resolve the fun-
damental deployment challenges established by classical 
methods, indicating that computational advancement 
alone cannot overcome the core trade-offs between 
laboratory performance and agricultural robustness 
requirements.

Deep learning architectures for hyperspectral disease 
analysis
Deep learning methodologies represent the most com-
putationally sophisticated approaches to hyperspectral 
disease detection, employing multi-layered neural archi-
tectures for automated feature extraction and pattern 
recognition from high-dimensional spectral data. These 
approaches promise to overcome machine learning limi-
tations through hierarchical feature learning, nonlinear 
mapping capabilities, and end-to-end optimization that 
eliminates manual feature engineering requirements.

Convolutional neural networks for disease classification
Deep learning classification methods represent advanced 
pattern recognition approaches employing multi-layered 
neural architectures for automated feature extraction 
from high-dimensional hyperspectral data. Jia et al. [112] 
developed Y-Net, a 3D-2D hybrid CNN architecture inte-
grating spatial and spectral feature processing for corn 
leaf disease detection, achieving 98.34% classification 
accuracy through combined convolutional operations. 
Liu and Xiao [142] implemented 1D-CNN frameworks 
for potato disease classification using hyperspectral data, 
achieving 97.22% accuracy with improved processing 
speed compared to conventional SVM approaches. Gao 
et al. [84] developed multidimensional fusion Atrous-
CNN architectures for potato disease detection, achiev-
ing 99.83% accuracy through five-fold cross-validation by 
incorporating dilated convolutions for multi-scale feature 
extraction. Nagasubramanian et al. [173] utilized CNN 
architectures for charcoal rot diagnosis in soybean crops, 
achieving 95.73% accuracy through deep feature learning 
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from hyperspectral signatures. Jin et al. [116] imple-
mented pixel-wise classification protocols for wheat head 
disease detection using hyperspectral images (1620×
2325 pixels, 400–1000 nm, 339 wavebands) with prepro-
cessing through mean removal and background-healthy-
diseased classification schemes.

Recent developments demonstrate continued architec-
tural refinement while revealing persistent deployment 
constraints. Xie et al. [278] implemented multi-camera 
hyperspectral detection systems for wheat crown rot 
using VNIR, SWIR, and full-spectrum configurations. 
SVM model achieved F1 scores of 0.75−0.86 at 30–40 
days post-infection through optimal data transformation 
protocols including standard normal variate and hyper-
hue preprocessing. Their wavelength optimization identi-
fied 26 critical bands (450–2400 nm) enabling lightweight 
multispectral camera development, demonstrating that 
VNIR systems detect early photosynthetic changes while 
SWIR cameras provide superior sensitivity to water and 
nutrient distribution alterations during advanced infec-
tion stages. Yu et al. [284] proposed dual-branch CNN 
architectures combining spatial and spectral process-
ing for citrus fungal disease detection, implementing 
CARS algorithm for dimensionality reduction from 224 
to 44 critical spectral bands while achieving 92.50% accu-
racy for distinguishing quarantine disease Phytophthora 
syringae from similar non-quarantine diseases. Liu et al. 
[146] developed Multi-Scale Integrator Selection Atten-
tion Transformer Network (MS-STNet) combining UAV 
hyperspectral imagery with Rice Blast Texture Indices, 
achieving 96.98% accuracy through multi-year valida-
tion across natural and artificial infection scenarios using 
multi-scale feature extraction with top-k attention mech-
anisms. Swaraj and Aparna [241] proposed Xception-
Deep Kronecker Network (Xception-DKN) integrating 
multiple optimization algorithms (FWWPDO, BHEFC) 
for grape leaf disease severity classification, achieving 
92.204% accuracy.

Deep learning techniques for disease severity assessment
Deep learning severity assessment methodologies enable 
continuous disease progression quantification through 
advanced neural architectures designed for multi-class 
severity classification and stage identification. Li et al. 
[132] implemented enhanced Mask R-CNN techniques 
combined with prototype networks for Pine Wilt Dis-
ease (PWD) infection stage categorization in individual 
trees using remote sensing data, achieving 83.51% overall 
accuracy for identifying and classifying multiple infection 
progression levels. Yadav et al. [279] developed VGG-
based CNN architectures for citrus fruit disease severity 
classification across different diseases and peel condi-
tions using hyperspectral imaging, implementing Princi-
pal Component Analysis (PCA) for crucial band selection 

and achieving exceptional performance metrics (accu-
racy: 99.84%, sensitivity: 99.84%, specificity: 99.98%). 
Rana et al. [197] conducted a comprehensive evaluation 
of SIFT and RANSAC-based multispectral image reg-
istration strategies in heterogeneous agricultural envi-
ronments containing Triticum aestivum and Raphanus 
raphanistrum, demonstrating that binary mask-based 
registration achieved the highest accuracy (mean IoU 
0.8314) compared to masked pixel registration (0.8183) 
and spatial realignment of annotations (0.8055), with 
YOLOv8l-seg achieving 92.11% mAP@0.5 for wild radish 
detection. Recent developments demonstrate enhanced 
biochemical integration approaches while revealing 
persistent severity assessment limitations. Ban et al. 
[37] integrated hyperspectral imaging with biochemi-
cal parameter analysis to establish quantitative relation-
ships between secondary metabolites (flavonoids: r=−
0.523, anthocyanins: r=−0.746) and spectral signatures 
for lettuce downy mildew detection, achieving ultra-early 
detection within 24  h post-infection using PLS, RF, and 
CNN models for predicting disease index, flavonoids, 
and anthocyanins with high accuracy (R2 up to 0.963). 
This approach establishes a biochemical resistance para-
digm for non-destructive resistance screening and germ-
plasm evaluation, though cross-seasonal stability of 
biochemical-spectral relationships remains unvalidated.

Transfer learning and early detection methods
Early disease detection methodologies leverage deep 
learning architectures for pre-symptomatic pathogen 
identification, enabling intervention before visible symp-
tom manifestation. Nguyen et al. [177] implemented 
pixel-wise classification protocols for grapevine viral 
infection detection during asymptomatic stages using 
hyperspectral imaging, achieving 95% classification accu-
racy through SVM, RF, and PCA ensemble approaches. 
Yu et al. [282] employed 3D CNN architectures for 
early Pine Wilt Disease (PWD) detection in forest trees, 
achieving 88.11% overall accuracy while demonstrating 
reduced performance (51.97%) specifically for early dis-
eased tree identification. Feng et al. [76] implemented 
deep transfer learning methodologies for rice disease 
diagnosis across multiple disease types, achieving over 
88% accuracy through fine-tuning approaches that adapt 
pre-trained models to specific agricultural pathology 
applications.

Recent developments demonstrate advanced early 
detection approaches while revealing persistent pre-
symptomatic challenges. Zhang et al. [296] established 
quantitative relationships between hyperspectral sig-
natures and bacterial pathogen populations (105 to 108 
CFU/cm2) for pre-symptomatic tomato bacterial leaf 
spot detection using LDA, identifying critical wave-
lengths corresponding to water-soaking effects (1400 
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nm) and defense hormone responses (750 nm) during 
early infection stages. Their methodology demonstrated 
that vegetation index categorization into physiological 
groupings (pigment, stress response, structure, water 
content) improved classification performance by 26–37% 
over raw spectral data while providing biological inter-
pretability for disease progression mechanisms. Song et 
al. [231] integrated solar-induced chlorophyll fluores-
cence (SIF) with hyperspectral reflectance using three-
band Fraunhofer line discrimination method, achieving 
superior early detection sensitivity (SIF-A correlation: 
−0.781) compared to traditional vegetation indices for 
wheat powdery mildew monitoring, demonstrating that 
SIF+VI fusion in RBF models enables early diagnosis 
during disease lag phase across different wheat varieties 
and nitrogen fertilizer levels. Tan et al. [242] developed 
novel recurrence plot transformation approaches con-
verting 1D hyperspectral curves into 2D spatial patterns 
for pre-symptomatic Verticillium wilt detection in cot-
ton, achieving 96.3% accuracy in distinguishing healthy, 
asymptomatic, and symptomatic states by extracting tex-
ture features from spectral recurrence plots using Gray-
Level Gradient Co-occurrence Matrix, enabling early 
intervention during cryptic infection phases.

Unsupervised learning and feature extraction
Unsupervised learning methodologies address labeled 
data scarcity through automated pattern discovery and 
feature extraction from hyperspectral signatures without 
requiring extensive manual annotation. Zhang et al. [295] 
implemented comparative evaluation of unsupervised 
techniques (ISODATA, Hotspot Analysis) versus super-
vised methods (SVM, RF, Backpropagation NN, LR) for 
Banana Fusarium Wilt identification using UAV-captured 
multispectral images, achieving optimal performance 
(97.28%) with RF using five-band imagery while demon-
strating that Hotspot Analysis achieved 95% accuracy for 
late-stage detection using vegetation indices (WDRVI, 
NDVI, TDVI). Zhou et al. [304] employed Deep Belief 
Networks (DBN) combined with backpropagation classi-
fiers for moldy core severity classification in apples across 
five disease stages, achieving 88% accuracy using 150 
training and 75 testing samples. Sun et al. [238] imple-
mented DBN with PCA integration for peach disease 
categorization using spectral and spatial characteristics, 
achieving progressive accuracy improvements across 
severity stages (initial: 82.5%, moderate: 92.5%, severe: 
100%).

Recent developments demonstrate advanced spectral 
unmixing approaches while revealing persistent unsu-
pervised learning approaches. Jeong et al. [109] devel-
oped spectral unmixing methodologies using Purity Pixel 
Index algorithms to extract 8 universal endmembers 
from 378 hyperspectral images across six pine species, 

achieving differentiation between pine wilt nematode 
infection and natural seasonal color changes with sub-
pixel endmember analysis providing earlier detection (4 
weeks ahead of NDVI) and enabling cross-species trans-
ferability for distinguishing biotic stress from natural 
phenological processes.

Limitation analysis for HSI-based plant disease detection
Despite achieving consistent laboratory accuracies of 
95–99% across two decades of methodological evolu-
tion, hyperspectral imaging for plant disease detec-
tion exhibits three fundamental constraints that persist 
across all computational generations. Analysis of current 
methodologies reveals persistent limitations that restrict 
practical deployment despite advances in computational 
techniques. This section examines the fundamental con-
straints that continue to challenge field implementation 
of hyperspectral disease detection systems.

Environmental robustness constraints
Hyperspectral disease detection methods demonstrate 
performance degradation under operational field con-
ditions due to environmental variability excluded dur-
ing laboratory optimization. These constraints manifest 
across methodological generations through several 
mechanisms. Atmospheric interference affects diagnos-
tically valuable spectral regions, particularly the 720/840 
nm ratio and extended NIR range, which exhibit suscep-
tibility to water vapor, solar angle effects, and aerosol 
scattering, while Song et al. [231] showed that advanced 
methods like SIF+VI fusion require specialized equip-
ment exceeding typical agricultural deployment capac-
ity. Illumination geometry dependencies cause MTVI1 
and PRI indices to show high sensitivity to lighting varia-
tions eliminated in laboratory conditions but unavoidable 
in field applications, with CNN architectures trained on 
laboratory-specific illumination patterns demonstrating 
poor generalization under variable field lighting. Can-
opy structure interference creates systematic calibration 
errors through atmospheric scattering and architecture 
variations that cause temporal index variations exceeding 
disease-related spectral changes, persisting through mod-
ern approaches where Tan et al. [242] demonstrated that 
recurrence plot transformations require computational 
overhead conflicting with real-time processing require-
ments. Whetton et al. [270] reported laboratory-to-field 
performance degradation reaching 36%, with advanced 
CNN architectures showing similar degradation patterns 
during controlled-to-operational transitions due to envi-
ronmental standardization protocols that systematically 
exclude atmospheric, illumination, and phenological 
variability inherent to agricultural environments.
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Temporal generalization limitations
Hyperspectral methods exhibit systematic perfor-
mance degradation across temporal scales, indicating 
fundamental temporal instability that computational 
sophistication cannot overcome. Phenological specific-
ity failures occur because analytical frameworks treat 
disease-specific spectral signatures as temporally invari-
ant, neglecting dynamic plant-pathogen interactions 
across growth stages. Machine learning methods dem-
onstrate this limitation, with Feng et al. [77] achieving 
high performance in flowering-stage optimization (R2 = 
0.849−0.852) under specific phenological conditions but 
requiring revalidation across different growth periods. 
Seasonal relationship instability emerges despite Ban et 
al. [37] establishing high correlations between second-
ary metabolites and spectral signatures (R2 up to 0.963), 
as these relationships require validation across seasonal 
variations to ensure temporal stability of biochemical-
spectral associations. Growth stage dependency vulner-
abilities manifest through performance variations that 
undermine deployment reliability, with Lu et al. [152] 
showing accuracy decline from 100% to 65.2% for asymp-
tomatic leaves, indicating that dimensionality reduction 
may eliminate subtle spectral signatures essential for 
early detection across different growth stages. Trans-
fer learning approaches face temporal adaptation chal-
lenges, with Feng et al. [76] achieving over 88% accuracy 
through fine-tuning but requiring evaluation across 
diverse environmental and seasonal contexts. Liu et al. 
[146] demonstrated 96.98% accuracy in multi-year vali-
dation, highlighting the need for systematic evaluation of 
temporal robustness when models encounter conditions 
beyond laboratory training scenarios.

Spectral information-computational efficiency trade-offs
Hyperspectral approaches face an irreconcilable trade-off 
between spectral information preservation and computa-
tional practicality, with each methodological generation 
amplifying rather than resolving this constraint. Dimen-
sionality reduction creates information loss, where NDVI 
two-band formulation discards intermediate wavelengths 
containing pathogen-specific signatures, while Shuaibu 
et al. [225] demonstrated concentration of optimal bands 
in narrow spectral ranges (921–957 nm) reflecting opti-
mization for specific experimental conditions rather 
than robust feature selection. Computational complexity 
escalation occurs as advanced classification algorithms 
require substantially increased processing power while 
providing marginal accuracy improvements insufficient 
to justify overhead for real-time applications, with Swaraj 
and Aparna [241] showing that deep learning architec-
tures like MS-STNet achieve marginal improvements 
(2–9%) through substantial complexity increases. Data 
dependency amplification manifests as high-dimensional 

SVM optimization excelling in controlled conditions but 
demonstrating poor field generalization, while ensemble 
methods achieve perfect laboratory accuracy through 
memorization rather than robust learning. Deep learn-
ing amplifies this constraint, with Jia et al. [112] and Gao 
et al. [84] achieving high accuracies (98.34%−99.83%) 
that reflect CNN reliance on extensive labeled datasets 
unable to capture environmental diversity required for 
field deployment. Interpretability-automation trade-offs 
emerge as indices respond to generalized stress indicators 
rather than pathogen-specific signatures, creating diag-
nostic ambiguity when biotic and abiotic factors interact, 
while advanced approaches like unsupervised ISODATA 
methods create feature representations lacking agricul-
tural interpretability, preventing farmer understanding 
and creating adoption barriers.

Methodological evolution in hyperspectral plant disease 
detection
Figure  10 illustrates the chronological development of 
hyperspectral plant disease detection methodologies 
from 2005 to 2025, demonstrating the progression from 
classical image processing algorithms to advanced deep 
learning architectures.

The timeline reveals three distinct developmental 
phases: classical approaches (2005–2015) utilizing funda-
mental algorithms such as QDA [169], SOM, and texture 
analysis with GLCM [153]; machine learning integration 
(2015–2022) implementing SVM [22, 55, 207], RF regres-
sion [77, 113], and early CNN architectures [142, 173]; 
and contemporary deep learning adoption (2022–2025) 
featuring sophisticated networks including Y-Net [112], 
MS-STNet [146], and Xception-DKN [241].

This progression demonstrates increasing algorith-
mic sophistication across methodological generations, 
with recent developments incorporating multi-camera 
systems, biochemical parameter integration, and atten-
tion mechanisms. The evolution from simple classifica-
tion approaches to complex multi-algorithm frameworks 
reflects the field’s advancement toward more sophisti-
cated pattern recognition capabilities while highlighting 
the continuous pursuit of improved accuracy and analyti-
cal depth in hyperspectral disease detection applications.

Benchmarking analysis
This section provides systematic comparative evaluation 
of state-of-the-art deep learning architectures across 
multiple plant disease datasets, addressing critical con-
cerns regarding standardized performance assessment, 
reproducibility, and trade-off analysis between model 
complexity, generalization capabilities, and real-world 
applicability. Our benchmarking framework enables 
direct comparison of architectural capabilities across 
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diverse agricultural scenarios, from controlled laboratory 
conditions to challenging field environments.

Experimental design and reproducibility framework
Our evaluation encompasses both literature synthesis 
and exploratory analysis across datasets representing 
the laboratory-to-field complexity spectrum: PlantVil-
lage (controlled laboratory conditions), PlantDoc and 
Cropped PlantDoc (mixed laboratory-field conditions), 
FieldPlant (natural field conditions), and Cassava Leaf 
Disease (crowd-sourced real-world imagery). The archi-
tectural selection spans traditional CNNs (ResNet50), 
modern CNNs (ConvNeXt), pure attention mechanisms 
(Vision Transformer), and hybrid approaches (SWIN 
Transformer).

Classification performance analysis
Table 6 reveals systematic performance patterns across 
environmental complexity levels with implications for 
agricultural deployment.

Laboratory dataset performance (PlantVillage) shows 
convergence at 97–100% accuracy across architectures, 
with minimal differentiation between approaches, as the 
2.9 percentage point difference between Inception V3 
(97.1%) and EfficientNet-b7 (99.99%) becomes negligible 
considering field deployment variations. Laboratory-to-
field transitions reveal systematic performance degra-
dation when moving to field datasets, with ConvNeXt 
declining 27.71 % accuracy from laboratory conditions 
(99.47% on PlantVillage) to field conditions (71.76% on 
PlantDoc), and ResNet50 declining 56.39 percentage 
points (98.18% on PlantVillage → 41.79% on PlantDoc), 
inverting laboratory performance rankings. Architectural 

analysis indicates that hybrid approaches demonstrate 
superior field robustness, with SWIN achieving 88.07% 
on field-collected Cropped PlantDoc dataset through 
combined convolutional and attention mechanisms, 
while pure attention mechanisms like ViT show greater 
environmental sensitivity despite laboratory advan-
tages. Real-world deployment assessment reveals that 
field dataset FieldPlant maximum accuracy (96.00% with 
ViT) exceeds the 90% threshold for agricultural reliabil-
ity, while field dataset Cassava performance variability 
(78−98.5%) indicates inconsistent deployment suitability 
across architectures.

Table 7 demonstrates that spatial localization require-
ments significantly amplify deployment challenges 
beyond classification tasks.

Task complexity analysis reveals that simultaneous 
classification and localization creates compound perfor-
mance degradation, with field dataset PlantDoc detection 
achieving 63.9% mAP compared to 85.8% classification 
accuracy, representing a 21.9 percentage point reduction 
when spatial requirements are added. Field environment 
assessment shows that FieldPlant detection performance 
(10.2−14.4% mAP) falls substantially below research 
utility thresholds, indicating fundamental limitations in 
complex agricultural environments across all architec-
tural approaches tested.

Comparative analysis of plant disease detection 
approaches
To address the need for systematic comparison across 
deployment-critical dimensions, Table 8 provides 
comprehensive evaluation of major methodological 
approaches across cost, speed, accuracy, scalability, and 

Fig. 10  Chronological overview of the most relevant methodologies for Plant Disease Detection using HSI. The color of the box represents the classifica-
tion of methodology while the color of the arrow shows the task performed
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field usability criteria. This analysis combines insights 
from recent literature and current market data to guide 
practical deployment decisions.

The comparative analysis reveals distinct deployment 
trade-offs across methodological approaches:

 	– Cost-accuracy relationships demonstrate a clear 
stratification: smartphone applications offer optimal 
cost-performance ratios for widespread deployment, 
hyperspectral approaches achieve superior accuracy 
(90–98%) at substantially higher costs (USD30K-
100K), while classical RGB methods provide 
intermediate solutions for resource-constrained 
scenarios.

 	– Processing speed analysis reveals an inverse 
correlation with accuracy, where real-time 
approaches (RGB classical, IoT sensors) sacrifice 
precision for deployment speed, whereas high-
accuracy hyperspectral methods require processing 
times (1–20 min) that challenge real-time 
agricultural decision-making [62, 258]. This extended 
processing time primarily stems from extensive 

Table 6  Classification performance comparison across plant disease datasets. Results are reported as Accuracy/F1-Score. Bold values 
indicate the best performance for each dataset, while italicized values denote the best result from the Exploratory Analysis. Reported 
values are means; corresponding statistical analysis is provided in Table 11. A dash (-) indicates unavailable or unreported results
Reference Architecture PV PD cPD FP CLD
Bruno et al. [45] EfficientNet-b7 99.99/0.99 - - - -
Schuler et al. [218] Two-Branch DCNN 99.48/0.9923 - - - -
Singh et al. [226] GoogleNet 99.35/0.9934 - - - -
Toda and Okura [246] Inception V3 97.1/0.972 - - - -
Geetharamani and Pandian [88] 9-layer CNN 99.46/0.9815 - - - -
Yu et al. [283] Inception Conv ViT 99.94/0.9989 77.54/0.7723 - - -
Wang et al. [262] Tri-Linear CNN 99.99/0.9999 85.8/0.85 - - -
Chai et al. [52] PlantAIM 99.66/0.9966 - - - -
Singh and Kaur [227] Inception ResNet-V2 - - 70.53/0.70 - -
Singh and Kaur [227] VGG-16 - - 44.52/0.44 - -
Wang et al. [263] Dual-stream HBP 98.91/- 75.06/- - - -
Moupojou et al. [171] MobileNet - - 73.86/- 82.90/- -
Moupojou et al. [171] Inception ResNet V2 - - - 81.81/- -
Moupojou et al. [171] Inception V3 - - - 82.54/- -
Zubair et al. [306] Ensemble CNN Model 99.69/0.9719 60/0.53 - 83/0.8568 -
Sambasivam and Opiyo [214] Custom CNN - - - - 93.00/0.8426
Zhong et al. [301] Transformer ResNet - - - - 91.12/0.8426
Zhuang [305] ViT w/ K-Fold - - - - 90.02/-
Ravi et al. [200] Attention Ensemble - - - - 87.70/0.8660
Maryum et al. [157] UNET-EfficientNet - - - - 89.08/-
Thai et al. v[244] Pruning ViT - - - - 98.5/0.96
Velayudhan et al. [256] CIVE-SSL - - - - 89.73/0.89
Li et al. [133] ITIMCA (VLM) - - - - 78.00/0.79
Exploratory Analysis SWIN 99.32/0.9931 77.63/0.7595 88.07/0.8774 95.60/0.9547 88.00/0.87
Exploratory Analysis ViT 99.43/0.9943 76.42/0.7495 86.17/85.79 96.00/0.96 85.90/0.8583
Exploratory Analysis ConvNeXt 99.47/0.9946 71.76/0.7046 78.96/0.7859 95.58/0.9568 87.60/0.8767
Exploratory Analysis ResNet50 98.18/0.9818 41.79/0.3437 52.74/0.4806 85.98/0.8386 83.97/0.8403
Dataset Abbreviations: PV - PlantVillage, PD - PlantDoc, cPD - Cropped PlantDoc, FP - FieldPlant, CLD - Cassava Leaf Disease Dataset

Table 7  Detection Performance Comparison on Plant Disease 
Datasets. Bold entries indicate best performance per dataset. 
Dash (-) indicates unreported values
Reference Architecture Backbone PD 

(mAP)
FP 
(mAP)

Ye et al. 
[281]

Cascade-DN-Def-DETR ResNet50 63.90 -

Li et al. 
[135]

YOLOv5s CSPDarknet 63.90 -

Liu et al. 
[144]

YOLOX-ASSANano BSConv 58.86 -

Singh and 
Kaur [227]

Faster RCNN Inception 
ResNet v2

38.9 -

Zhang et 
al. [297]

Transvolution + GAN Custom 50.3 -

Moupojou 
et al. [171]

Faster RCNN Inception 
ResNet v2

58.0 14.0

Moupojou 
et al. [171]

YOLOv8 CSPDarknet - 10.2

Moupojou 
et al. [171]

SSD MobileNet v2 - 14.4

Dataset Abbreviations: PD - PlantDoc, FP - FieldPlant



Page 32 of 44Shafay et al. Plant Methods          (2025) 21:140 

data preprocessing requirements including quality 
assurance, calibration, and spectral normalization, 
with deep learning inference representing only 
1-2 min of the total pipeline.

 	– Scalability assessment indicates technological 
sophistication inversely correlates with deployment 
potential. The simpler approaches demonstrate 
excellent scalability characteristics, while advanced 
methods face computational, expertise, and 
infrastructure limitations.

 	– Field deployment readiness varies significantly: RGB-
based solutions demonstrate immediate deployment 

capability with minimal technical requirements, 
hyperspectral approaches remain primarily 
research-focused requiring controlled conditions, 
and multimodal solutions occupy an intermediate 
position requiring targeted implementation 
strategies. Architectures like MobileNet, achieving 
comparable accuracy of 82.5% [171], exemplify this 
readiness through 4.2MB model sizes and 22 ms 
inference times on mobile devices, enabling direct 
deployment without specialized infrastructure.

The analysis suggests a technology readiness spectrum 
from mature smartphone-based solutions to emerging 
hyperspectral and multimodal approaches, guiding selec-
tion based on deployment constraints, accuracy require-
ments, and operational contexts.

Practical deployment case studies
This section examines documented real-world applica-
tions of deep learning models for plant disease detection, 
highlighting achievements and success rates in opera-
tional environments.

Commercial and CGIAR platform deployments
Plantix: commercial success model
Plantix represents one of the most successful commercial 
deployments of AI-driven plant disease detection, with 
over 10 million downloads across 60+ countries [188, 
235]. The platform maintains 1 million monthly active 
users, processing approximately 20,000 image uploads 
daily [101]. Machine learning algorithms identify over 
385 crop diseases across 30+ crops, achieving detection 
accuracy over 90% for most classes [208]. However, real-
world deployment revealed connectivity challenges in 
rural areas and the need for continuous model updates 
across diverse environmental conditions [25].

CGIAR innovation ecosystem
CGIAR (Consultative Group for International Agricul-
tural Research) is a global research partnership dedi-
cated to reducing poverty, enhancing food security, and 
improving natural resources management in developing 
countries through 15 research centers that develop sci-
ence-based solutions for smallholder farmers.

Tumaini for Banana and Bean Disease Detection: 
Developed by the Alliance of Bioversity International 
and CIAT under the CGIAR Research Program on 
Roots, Tubers and Bananas (RTB), Tumaini demon-
strates successful deep learning translation to practical 
smallholder-focused tools for banana and common bean 
disease management. With over 14,000 downloads and 
70–99% success rates depending on plant parts and dis-
eases detected [23], the app evolved from banana-specific 
detection to the October 2024 launch of Tumaini Beans, 

Table 8  Comparative Analysis of Plant Disease Detection 
Techniques Across Deployment Dimensions
Technique Category Hardware 

Cost
Process-
ing 
Speed

Field 
Accuracy

Scal-
abil-
ity

RGB-Based Approaches
Classical RGB (Color 
analysis, GLCM)

USD50–300 
[58]

Real-
time 
[203]

60–75% 
[28]

High

RGB + ML (SVM, Random 
Forest)

USD200–
800 [58]

Near 
real-time 
[100]

70–85% 
[190]

High

RGB + Deep Learning 
(CNN, ResNet, ViT)

USD800–
3000 [58]

0.2–1 
sec/
image 
[258]

75–90% 
[78]

Mod-
erate

RGB + Vision-Language 
(CLIP, GPT-4V)

USD1500–
5000 [58]

5–30 
sec/
image 
[290]

70–85% 
[133]

Low

Hyperspectral Approaches
HSI + Classical (Spectral 
indices, PCA)

USD15K-60K 
[73]

1–60 sec 
[90]

80–95% [6] Low

HSI + ML (SVM, PLS 
regression)

USD20K-75K 
[73]

1–5 min 
[258]

85–95% 
[22]

Low

HSI + Deep Learning 
(1D to 3D-CNN, Spectral 
Nets)

USD30K-
100K [73]

1–20 
min [62, 
258]

90–98% 
[112]

Very 
Low

Multimodal Approaches
RGB + Multispectral (4–8 
bands)

USD3K-12K 
[12]

2–10 sec 
[59]

80–92% 
[48]

Mod-
erate

RGB + Environmental 
(Weather, soil sensors)

USD500–
2000 [58]

Real-
time 
[60]

75–88% 
[121]

High

UAV Systems (RGB/
Multispectral)

USD5K-30K 
[11, 59]

Field-de-
pendent 
[82]

67–85% 
[85]

High

Mobile/Edge Solutions
Smartphone Apps (Plan-
tix, PlantNet)

USD100–
1,000 [58]

0.5–3 
sec [199]

65–80% 
[235]

Very 
High

Edge AI Devices (Jetson, 
Coral)

USD250–
2000 [180, 
181]

0.02–2 
sec [156]

70–85% 
[156]

High

IoT Sensor Networks (Dis-
tributed monitoring)

USD200–
1000/node 
[63]

Con-
tinuous 
[179]

60–80% 
[176]

Very 
High
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directly addressing smallholder farmer needs for both 
banana and common bean disease management. Key 
accessibility features include offline functionality, mul-
tilingual support in five languages, and broad Android 
compatibility.

PlantVillage Nuru for Cassava and Potato: This col-
laborative CGIAR initiative developed by Penn State 
University with IITA, FAO, and CIMMYT utilizes CNNs 
through TensorFlow to enable offline cassava disease 
diagnosis, achieving twice the accuracy of agricultural 
extension workers [130]. The platform expanded to 
potato disease detection in 2021, serving over two million 
farmers in East Africa [104], with future plans including 
sweet potato, yams, and banana integration.

Integrated Agricultural Decision Support: Akilimo 
(IITA) provides comprehensive decision support extend-
ing beyond disease detection to fertilizer optimization 
and crop management [106]. ICRISAT’s Sowing app 
resulted in farmers achieving 30% yield increases [51], 
while AfricaRice’s RiceAdvice achieved significant small-
holder adoption [13], demonstrating effective AI integra-
tion with agricultural extension systems.

CGIAR digital integration framework
The CGIAR Platform for Big Data in Agriculture provides 
foundational infrastructure for integrating deep learn-
ing disease detection models into existing agricultural 
decision support systems [50]. This platform democra-
tizes decades of agricultural data, enabling integration 

of disease detection algorithms with comprehensive 
datasets spanning multiple crops, regions, and farming 
systems.

Figure  11 illustrates the systematic integration pipe-
line for translating deep learning research into practical 
smallholder applications. The framework demonstrates 
a five-step process from model development to deploy-
ment, with CGIAR Centers providing continuous support 
through research coordination, field networks, technical 
expertise, and partnership management. A feedback loop 
ensures continuous model refinement based on field data 
collection, creating sustainable improvement cycles for 
disease detection algorithms.

Integration occurs through systematic approaches 
ensuring practical smallholder implementation:

 	– Standardized APIs: Technical interfaces that allow 
deep learning disease detection models developed 
by researchers to communicate directly with existing 
CGIAR mobile applications and web platforms, 
eliminating the need to rebuild entire systems 
and enabling rapid deployment of new detection 
capabilities to farmers already using CGIAR tools.

 	– Data Standards Compatibility: Research models 
are adapted to work with the established data 
collection formats, image specifications, and 
reporting protocols already used across CGIAR’s 
global network, ensuring that new disease detection 
algorithms can seamlessly process existing 

Fig. 11  Deep learning integration pipeline for plant disease detection through CGIAR infrastructure, showing systematic progression from research 
development to smallholder farmer deployment with continuous feedback mechanisms
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agricultural datasets and farmer-submitted images 
without requiring additional technical training.

 	– Farmer Database Integration: Disease detection 
algorithms connect with existing farmer registration 
systems and agricultural databases maintained 
by CGIAR centers, enabling personalized disease 
management recommendations based on individual 
farm characteristics, cropping history, local climate 
conditions, and previously reported disease 
incidents.

 	– Local Knowledge Incorporation: Traditional 
agricultural practices, indigenous crop varieties, and 
farmer-generated knowledge about local disease 
patterns are systematically integrated into deep 
learning models through CGIAR’s extensive field 
networks and agricultural extension partnerships, 
ensuring that AI recommendations complement 
rather than replace proven local farming wisdom.

 	– National Research Partnerships: Established 
collaborative relationships between CGIAR centers 
and national agricultural research institutions 
provide validated pathways for deploying disease 
detection tools across diverse farming environments, 
climatic zones, and regulatory frameworks, with 
local partners ensuring cultural appropriateness and 
regulatory compliance.

 	– Smallholder-Focused Validation: All integration 
processes prioritize accessibility for resource-
constrained farmers through features like offline 
functionality, low-bandwidth image processing, 
multilingual interfaces, compatibility with basic 
smartphones, and integration with existing farmer 
support networks rather than requiring new 
infrastructure investments.

UAV-based disease detection and surveillance systems
Unmanned Aerial Vehicle (UAV) platforms have emerged 
as transformative tools for large-scale crop disease sur-
veillance, enabling comprehensive monitoring of agricul-
tural landscapes through high-resolution aerial imaging 
and advanced deep learning architectures. These systems 
address the limitations of ground-based detection meth-
ods by providing broader spatial coverage, reduced labor 
requirements, and enhanced accessibility to remote or 
difficult-to-reach agricultural areas, particularly address-
ing scalability challenges for large-scale monitoring in 
smallholder farming systems.

Advanced Deep Learning Applications: Recent devel-
opments demonstrate sophisticated integration of UAV 
platforms with state-of-the-art deep learning models. 
Selvaraj et al. [220] developed a mixed-model system 
combining RetinaNet object detection with custom clas-
sifiers for simultaneous banana localization and disease 
classification using UAV-RGB imagery, achieving 99.4%, 

92.8%, 93.3%, and 90.8% accuracy for banana bunchy top 
disease (BBTD), Xanthomonas Wilt of Banana (BXW), 
healthy banana clusters, and individual plants respec-
tively, while demonstrating multi-platform integration 
across satellite (Sentinel-2, PlanetScope, WorldView-2) 
and UAV (MicaSense RedEdge) systems with random 
forest models achieving 97% overall accuracy for banana 
classification in mixed-complex African landscapes.

Mora et al. [168] developed a georeferenced multi-
platform surveillance system integrating UAV-based 
aerial imaging with ground-level detection using YOLO 
foundation models (YOLO-NAS, YOLOv8, YOLOv9) 
and Faster-RCNN for banana wilt identification, with 
YOLOv9 achieving superior performance in UAV aerial 
images (55–86% mAP@50) and YOLOv8 excelling in 
ground-level detection (65–99% mAP@50) across global 
datasets from Africa, Latin America, India, Asia, and 
Australia, while incorporating explainable AI techniques 
including Gradient-weighted Class Activation Mapping 
and Human-in-the-Loop AI for enhanced model trans-
parency and prediction refinement. Mora et al. [167] 
implemented UAV-enabled transfer learning approaches 
using YOLOv8 and Faster R-CNN for BXW detection 
in African smallholder systems, utilizing pansharpen-
ing algorithms for improved RGB and multispectral data 
fusion from unmanned aerial vehicles and achieving 
75–99% detection accuracy across precision, recall, and 
F1 metrics, demonstrating the effectiveness of cutting-
edge deep learning architectures for crop health assess-
ment in complex agricultural landscapes targeting food 
security applications.

Cost-Effective and Commercial Solutions: University 
of New Hampshire researchers have developed cost-
effective UAV solutions specifically designed for smaller 
farms, using fewer multispectral bands to reduce costs 
while maintaining effectiveness for early disease detec-
tion [248]. The Flyix AI platform demonstrates com-
mercial viability by reducing annotation time by 99.7%, 
enabling real-time disease analysis through large-scale 
aerial imagery processing [80].

Implementation Challenges and CGIAR Integration: 
However, UAV-based detection faces persistent chal-
lenges from spectral reflectance variations, environmen-
tal factors, image distance, occlusion, and illumination 
conditions [2, 20, 56]. Integration with CGIAR field net-
works could provide validation frameworks for UAV-
based disease detection systems supporting banana and 
common bean monitoring in smallholder farming sys-
tems, leveraging established agricultural networks to 
address these technical challenges while ensuring practi-
cal deployment in resource-constrained environments.
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Critical success factors
Analysis of successful deep learning implementations 
reveals essential factors for effective translation from 
research to practical smallholder agriculture applica-
tions. Several validated deployments demonstrate these 
principles in action: the mobile-enabled Plant Diagnosis 
Application achieved 93.91% accuracy for Sub-Saharan 
Africa agricultural challenges through community-cen-
tered design and offline functionality [31], a habanero-
specific application using Modified VGG16 achieved 
98.79% accuracy by focusing on crop-specific optimiza-
tion [34], while DeepCrop utilizing ResNet50 achieved 
98.98% accuracy and successful real-life web deployment 
through scalable architecture design [107]. These suc-
cessful implementations highlight critical success factors 
including community integration through partnerships 
with agricultural universities, multilingual adaptation 
for global accessibility, offline functionality for remote 
areas, and integration with national extension systems. 
CGIAR’s established relationships with Farmer Producer 
Organizations enhance service delivery and scaling, while 
platform integration reduces development costs and 
provides comprehensive agricultural support through 
established channels, particularly benefiting smallholder 
farmers managing banana and common bean diseases in 
resource-constrained environments across low- and mid-
dle-income countries.

The practical deployment experiences reveal both sig-
nificant achievements and persistent challenges in trans-
lating deep learning advances into real-world agricultural 
settings. While platforms like Plantix, Tumaini, and Nuru 
demonstrate successful CNN implementation, infra-
structure limitations, economic constraints, and envi-
ronmental variability continue restricting widespread 
adoption. CGIAR’s digital agriculture ecosystem repre-
sents a proven pathway for translating research advances 
into scalable solutions directly benefiting smallholder 
farmers, particularly for banana and common bean dis-
ease detection in low- and middle-income countries.

Future research directions and research priorities
This systematic review identifies significant gaps between 
laboratory performance and field implementation across 
methodological approaches in plant disease detection. 
Analysis of performance-cost relationships presented 
in Table 8 and benchmarking results in Table 6 reveals 
research priorities that emphasize deployment feasibility 
alongside technical advancement. The observed 15–30% 
performance reduction from laboratory to field condi-
tions across different architectures indicates the need for 
research approaches that prioritize practical implemen-
tation considerations.

Performance and deployment considerations
Comparative analysis reveals patterns that influence agri-
cultural deployment success. Computational efficiency 
analysis presented in Table 10 indicates that advanced 
architectures such as Vision Transformers (85.8M 
parameters) and ConvNeXt (87.6M parameters) provide 
incremental accuracy improvements while requiring 
substantial computational resources. ResNet50 dem-
onstrates higher efficiency ratios (23.96 throughput per 
million parameters) compared to transformer-based 
approaches (SWIN: 1.47), suggesting that deployment 
optimization may benefit from architectural efficiency 
rather than increased complexity. Performance evalu-
ation across different datasets reveals environmental 
adaptation challenges, with models such as ConvNeXt 
showing accuracy variations from 99.47% on controlled 
datasets (PlantVillage) to 71.76% on field-collected data 
(PlantDoc), representing a 27.71% performance differ-
ence. This pattern occurs consistently across architec-
tures, indicating systematic challenges in environmental 
adaptation that extend beyond individual model limita-
tions and suggest fundamental considerations for field 
deployment strategies.

Implementation-oriented architecture development
Current research typically prioritizes laboratory accu-
racy optimization before addressing deployment require-
ments. Future research approaches should integrate 
implementation considerations into the design process 
from initial development stages. Resource-efficient opti-
mization represents a key research area, focusing on 
architectures that achieve model sizes under 5MB with 
inference times below 100  ms while maintaining field 
accuracy above 80%. Analysis of successful mobile appli-
cations such as Plantix, which has achieved adoption by 
over 10 million users, demonstrates that accessibility and 
usability often determine deployment success more than 
technical sophistication, suggesting that constraint opti-
mization may enhance practical viability. Adaptive com-
plexity systems present another research opportunity, 
involving the development of models that dynamically 
adjust computational requirements based on available 
hardware resources. This approach would enable deploy-
ment across diverse infrastructure contexts, from edge 
devices (USD250–2,000) to high-performance systems 
(USD5,000–30,000) as detailed in Table 8. Economic 
viability assessment should be integrated into evalua-
tion frameworks alongside traditional technical metrics. 
Case study analysis indicates that successful platforms 
prioritize user accessibility and cost-effectiveness over 
peak accuracy performance, suggesting that economic 
considerations should inform architectural design deci-
sions to enhance real-world adoption and implementa-
tion success.
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Geographic generalization through distributed learning 
approaches
Agricultural AI systems demonstrate performance varia-
tions of 40–60% across different climate zones, indicating 
opportunities for improved generalization methodolo-
gies. Federated learning approaches represent a prom-
ising research direction for agricultural applications, 
enabling collaborative model training while maintaining 
data privacy and respecting regional data governance 
requirements. Such distributed learning architectures 
could potentially reduce performance variation across 
diverse geographic contexts to below 10% through shared 
knowledge while preserving local data sovereignty.

Few-shot learning frameworks offer another avenue for 
geographic adaptation, focusing on meta-learning sys-
tems that enable rapid model adaptation to new environ-
mental contexts using minimal local training data (under 
100 samples). Analysis of architectural performance indi-
cates that transformer-based approaches such as Vision 
Transformers achieve higher accuracy on field datasets 
(96.00% on FieldPlant) compared to convolutional neu-
ral networks like ResNet50 (85.98%), suggesting potential 
advantages for adaptation tasks.

Climate-aware domain adaptation presents an addi-
tional research opportunity, involving the integration 
of environmental variables that influence disease mani-
festation and spectral characteristics into model archi-
tectures. This approach could address the temporal and 
geographic sensitivity observed in current detection sys-
tems by explicitly modeling environmental factors that 
affect disease presentation across different agricultural 
regions and seasons.

Interpretable multimodal system development
Agricultural technology adoption requires decision-
making systems that balance technical capabilities with 
user comprehension and practical implementation needs. 
Cost-effective detection frameworks represent a signifi-
cant research opportunity, involving progressive systems 
that utilize RGB imaging for initial screening purposes 
(USD50–3,000) followed by targeted hyperspectral con-
firmation where necessary (USD15,000–100,000). This 
staged approach could potentially reduce per-sample 
analysis costs by 70–80% while preserving diagnostic 
accuracy by leveraging the complementary advantages 
of different imaging modalities as demonstrated in Table 
8. Attention-based explainability mechanisms present 
another important research direction, focusing on archi-
tectures that provide visual interpretations of diagnostic 
reasoning processes. Analysis indicates that agricultural 
practitioner adoption depends significantly on transpar-
ent decision-making capabilities, suggesting the need for 
systems that integrate technical accuracy with interpre-
table outputs that enable informed user decision-making. 

Temporal monitoring systems offer additional research 
potential through approaches that track disease pro-
gression over time rather than providing single-point 
detection results. Such longitudinal monitoring capa-
bilities could enable precision intervention strategies by 
incorporating predictive disease modeling that informs 
optimal timing and targeting of treatment applications, 
potentially improving both agricultural outcomes and 
resource efficiency in disease management practices.

Field-based evaluation framework development
Current evaluation methodologies using curated labo-
ratory datasets may not accurately reflect operational 
performance characteristics in agricultural settings. 
Establishing standardized evaluation protocols based on 
field-collected datasets represents an important research 
priority for validating system performance under opera-
tional conditions across diverse geographic regions. 
Analysis indicates substantial performance differences 
between laboratory datasets such as PlantVillage (97–
99% accuracy) and field-collected datasets like PlantDoc 
(41–85% accuracy), suggesting that evaluation frame-
works should incorporate real-world data collection 
conditions to provide more accurate performance predic-
tions for deployment scenarios. User-centered evaluation 
approaches present another methodological develop-
ment opportunity, involving the integration of practitio-
ner experience factors such as user interface usability, 
decision confidence measures, and adoption willingness 
alongside traditional technical performance metrics. 
This comprehensive evaluation approach would provide 
a more complete assessment of system viability for agri-
cultural implementation by considering both technical 
capabilities and human factors that influence successful 
technology adoption in operational agricultural contexts.

Responsible AI development for agricultural applications
Ethical considerations in agricultural AI development 
require systematic approaches to ensure equitable and 
responsible technology deployment. Bias detection and 
mitigation methodologies represent a critical research 
area, focusing on developing techniques to identify 
potential dataset biases that may disadvantage specific 
crop varieties, farming systems, or geographic regions. 
Analysis reveals representation gaps across geographic 
and socioeconomic contexts in current datasets, indi-
cating the need for more inclusive data collection and 
model development practices. Impact assessment frame-
works for diagnostic errors present another important 
research direction, involving the quantification of agri-
cultural and economic consequences associated with 
false positive results (leading to unnecessary treatments) 
and false negative outcomes (allowing unchecked dis-
ease progression) across different farming contexts and 
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scales. Understanding these impact patterns is essential 
for developing appropriate decision thresholds and risk 
management strategies. Technology accessibility research 
offers additional opportunities to address equity con-
siderations in agricultural AI deployment. This includes 
developing strategies that ensure smallholder farming 
operations have access to technological capabilities com-
parable to those available for industrial-scale operations, 
addressing the digital divide identified in cost analysis 
studies. Such approaches could involve scalable deploy-
ment models, cooperative technology sharing frame-
works, and development of cost-effective solutions 
specifically designed for resource-constrained agricul-
tural contexts.

Collaborative research framework
Advancing agricultural disease detection requires inter-
disciplinary collaboration, integrating expertise from 
computer science, plant pathology, agricultural econom-
ics, and farming communities. Partnerships between 
researchers and practitioners are essential to ensure 
that end-user needs inform technology development 
from design to deployment. Addressing adoption barri-
ers identified in deployment studies depends on incor-
porating these perspectives early in the research cycle. 
Open-source initiatives further support reproducibility, 
knowledge exchange, and broader validation by provid-
ing shared models, datasets, and evaluation protocols. 
Additionally, developing technology transfer infrastruc-
ture is critical for bridging the gap between research and 
practical application, enabling systematic evaluation and 
adaptation of detection technologies across diverse farm-
ing systems and regions.

The advancement of plant disease detection technolo-
gies from research environments to operational agri-
cultural applications requires research approaches that 
integrate practical implementation considerations along-
side technical development. These research directions 
provide frameworks for developing detection systems 
that can effectively contribute to agricultural productiv-
ity and food security objectives through successful field 
deployment and adoption.

Conclusion
This systematic review examines the advancement of 
plant disease detection technologies from research 
environments to operational agricultural applications 
through comprehensive analysis of RGB and hyperspec-
tral imaging approaches across methodological develop-
ments. The analysis reveals important considerations for 
bridging technical achievements with practical imple-
mentation requirements in agricultural contexts.

Our analysis identifies three critical pat-
terns informing agricultural AI development. The 

performance-implementation relationship shows labo-
ratory accuracies of 95–99% across computational 
approaches contrasting with adoption challenges, reflect-
ing differences between research optimization criteria 
and deployment requirements including environmental 
robustness, economic viability, and user interpretabil-
ity. The observed 15–30% performance variation dur-
ing laboratory-to-field transitions indicates systematic 
implementation considerations beyond computational 
optimization. Technology accessibility trade-offs demon-
strate that while hyperspectral imaging achieves superior 
laboratory detection through extended spectral range, 
associated costs (USD20,000-50,000 vs. USD500-2,000 
for RGB), computational requirements, and expertise 
needs create accessibility barriers, explaining why RGB 
approaches achieve broader adoption despite spectral 
limitations. Methodological evolution analysis reveals 
progression from classical image processing through 
machine learning to deep learning, with emerging appli-
cations combining agricultural expertise with AI capa-
bilities, providing foundations for systems that augment 
agricultural decision-making while addressing interpret-
ability requirements.

Evaluation of 150+ studies identifies consistent deploy-
ment factors. Environmental adaptation challenges affect 
both RGB and HSI approaches under field conditions 
due to illumination variations, atmospheric factors, and 
canopy complexity differences from laboratory settings, 
persisting across methodological approaches and indi-
cating systematic rather than technique-specific chal-
lenges. Economic viability analysis shows that advanced 
computational approaches present cost-performance 
relationships requiring consideration alongside tech-
nical capabilities, with agricultural budget constraints 
influencing technology selection and suggesting the 
importance of deployment-oriented design. Geographic 
generalization limitations reveal that models optimized 
for specific conditions show reduced performance across 
different temporal and geographic contexts, highlight-
ing the importance of robust validation and adaptation 
strategies.

Benchmarking analysis establishes evidence-based 
deployment recommendations. Hybrid architectures 
such as SWIN Transformer demonstrate improved field 
performance (88.07% vs. 52.74% for traditional CNNs) 
through combined mechanisms, while performance 
expectations should target 80–87% field accuracy rather 
than laboratory benchmarks of 97–100%. Cost-effec-
tiveness analysis indicates smartphone applications pro-
vide favorable ratios (USD100-1,000, 65–80% accuracy) 
for broad deployment, while hyperspectral approaches 
achieve higher accuracy (90–98%) at increased costs suit-
able for specialized applications.
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Future advancement requires integrated approaches 
addressing technical performance and practical imple-
mentation through deployment-oriented development 
that considers economic feasibility, environmental 
robustness, and interpretability alongside optimization. 
Field-based validation protocols, interdisciplinary col-
laboration including farmer-researcher partnerships, and 
economic assessment frameworks measuring agricultural 
return on investment represent priority research direc-
tions. Plant disease detection technologies have reached 
a development stage where continued advancement 
requires balanced consideration of technical capabili-
ties and practical agricultural utility, with future systems 
combining accessibility and interpretability essential for 
adoption with analytical capabilities necessary for effec-
tive disease management. The frameworks established 
provide guidance for developing agricultural AI systems 
that successfully bridge computational sophistication 
with practical application, contributing to both techno-
logical advancement and agricultural improvement.
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