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Abstract- Crop diseases remain a leading cause of yield loss
and food insecurity worldwide, with pathogens and pests
destroying a substantial share of global harvests each year
despite advances in agronomy and crop protection. Artificial
intelligence, and image-based deep learning in particular, has
emerged as a promising tool for the early, scalable, and low-
cost detection of plant diseases directly from leaf, fruit, and
canopy imagery. This paper presents a comprehensive
examination of Al-based crop disease detection technologies,
architectures, deployment challenges, and emerging research
directions, with emphasis on field robustness and accessibility
for smallholder farmers.

Drawing on peer-reviewed literature from 2016—2024 sourced
from IEEE Xplore, Scopus, ACM Digital Library, Springer,
and ScienceDirect, this study synthesizes findings across five
methodological  families:  classical ~— machine-learning
approaches, custom convolutional neural networks (CNNs),
transfer-learning architectures, object-detection frameworks,
and vision transformers.

The analysis
benchmarks

that  while controlled-condition
the PlantVillage dataset
classification accuracies frequently exceeding 95-99%,
performance degrades markedly under real field conditions
due to complex backgrounds,
overlapping  symptoms,  and

reveals

such as report

variable illumination,

crop-variety  diversity
underrepresented in training data. Key challenges include
dataset bias, computational constraints on edge and mobile
devices, connectivity limitations in rural regions,

imbalance across rare diseases, and farmer trust and

class

adoption. The study evaluates mitigation strategies including
transfer learning, data augmentation and synthetic imagery,
on-device (TinyML) inference, multispectral and drone-based
sensing, and explainable Al

Case studies of the PlantVillage Nuru mobile application, the
and Microsoft FarmBeats
demonstrate measurable progress
diagnosis to smallholder and commercial farmers alike. The

Plantix diagnostic platform,
in bringing Al-based

paper concludes with recommendations for researchers,
agritech practitioners, and policymakers, advocating an
integrated approach that balances model accuracy, field
robustness, affordability, and equitable access.
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I. INTRODUCTION

1.1 Definition

Al-based crop disease detection refers to the use of
computer-vision and machine-learning algorithms to identify
the presence, type, and severity of plant diseases from digital
images of leaves, stems, fruits, or whole-canopy scenes,
without requiring destructive sampling or laboratory pathogen
isolation [1]. The Food and Agriculture Organization (FAO)
frames such tools within the broader category of digital plant-
health diagnostics, which support early warning and integrated
pest and disease management at both farm and regional scale

[2].

1.2 Historical Evolution

Plant disease diagnosis was historically the domain of
expert visual scouting and, where feasible, laboratory assays
such as ELISA or PCR — accurate but slow, costly, and
inaccessible farmers [3]. Early
computational approaches in the 1990s and 2000s relied on
hand-crafted image features (colour, texture, shape) combined
with classical classifiers such as support vector machines and
k-nearest neighbours, which achieved reasonable accuracy
only under tightly controlled imaging conditions.

to most smallholder

The release of large public datasets — most notably
PlantVillage, comprising over 50,000 labelled leaf images
across 14 crop species and 26 diseases — catalysed a shift
toward deep convolutional neural networks (CNNs) after 2015
[5]. Mohanty, Hughes, and Salathé demonstrated that CNNs
trained on this corpus could exceed 99% classification
accuracy under laboratory conditions, sparking rapid growth
in the field [1]. Subsequent work extended CNNs to mobile
and field settings, notably Ramcharan et al.'s smartphone-
based cassava diagnosis system deployed in East Africa [8].
Transfer learning using architectures such as VGG16, ResNet,
and Inception [31], [32] became the dominant paradigm from
2017 onward, followed by lightweight MobileNet-family
models enabling on-device inference [33], object-detection
frameworks (Faster R-CNN, YOLO) for lesion localisation
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[35], [36], and, most recently, vision transformers for global-
context feature learning [34].

1.3 Global Importance and Industry Relevance

Plant pests and pathogens are estimated to destroy
roughly 20-40% of global crop production annually, with
disease alone accounting for an estimated 10—-16% loss across
the five major food crops — wheat, rice, maize, potato, and
soybean — representing hundreds of billions of dollars in lost
value and a direct threat to food security for a growing global
population [3], [4]. Smallholder farmers, who produce a large
share of food in Africa, South Asia, and Latin America, are
disproportionately affected because they typically lack access
to agronomists or diagnostic laboratories [12], [13].

The digital agriculture and agritech sector has
consequently seen rapid growth in Al-enabled diagnostic
tools, integrated into smartphone applications, drone and
satellite imaging platforms, and IoT-enabled farm-sensor
networks [11]. Governments and development agencies
increasingly view such tools as strategic instruments for food
security and rural livelihoods, motivating public datasets,
open-source  model releases, and
partnerships in regions such as Sub-Saharan Africa and South

extension-service

Asia [23], [42]. At the same time, the reliance of these systems
on connectivity, hardware, and digital literacy raises equity
concerns that are directly relevant to the UN Sustainable
Development Goals on zero hunger and reduced inequality.

II. LITERATURE REVIEW

2.1 Summary of Existing Research

Mohanty et al. [1] established the feasibility of CNN-
based leaf-disease classification using the PlantVillage dataset,
a finding corroborated and extended by Sladojevic et al. using
a custom CaffeNet architecture across 13 disease classes [6].
Ferentinos [7] benchmarked multiple CNN architectures
(AlexNet, VGG, GoogLeNet) 58 plant-disease
combinations, reporting 99%
laboratory conditions but flagging a substantial performance
gap on field-acquired images. Ramcharan et al. [8] and
Selvaraj et al. [23] extended detection to smartphone-based,
field-deployed systems for cassava and banana respectively,
both operating in Sub-Saharan African smallholder contexts.

across

accuracies above under

Too et al. [9] conducted a comparative fine-tuning
study across VGG16, Inception-V4, ResNet, and DenseNet
architectures, finding DenseNet variants offered the best
accuracy-to-computation trade-off. Fuentes et al. [10] applied
Faster R-CNN and SSD object-detection frameworks to real-
time tomato disease and pest recognition, addressing the
localisation problem beyond whole-image classification. Picon
et al. [15] and Coulibaly et al. [20] examined wheat and pearl-
millet mildew detection respectively using transfer learning on
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field-collected imagery, while Nagasubramanian et al. [17]
and Wiesner-Hanks et al. [18] explored hyperspectral and
UAV-acquired imagery for soybean and maize disease
detection at sub-leaf and canopy scale. Kamilaris and
Prenafeta-Boldu's survey of deep learning in agriculture
situates crop-disease detection within a broader set of
applications spanning yield prediction, weed identification,
and species classification [24].

2.2 Research Gaps

Despite strong laboratory benchmarks, empirical
evaluation under uncontrolled field conditions — variable
lighting, cluttered backgrounds, co-occurring diseases, and
diverse local cultivars — remains comparatively scarce, and
reported accuracies drop substantially when models trained on
curated datasets such as PlantVillage are tested on field-
sourced imagery [14]. Class imbalance is a persistent issue:
rare or emerging diseases are underrepresented in public
datasets, biasing models toward common classes. Regional
and crop-variety generalisation is likewise underexplored,
since most datasets originate from a limited set of geographies
and cultivars. Explainability research specific to agricultural
imagery lags behind medical-imaging Al despite comparable
stakes for farmer trust and adoption [44]. Finally, few studies
rigorously evaluate the economic and livelihood impact of
deployed systems, as opposed to model accuracy in isolation
[25].

2.3 Comparative Analysis

Benchmark studies on curated datasets (e.g.,
PlantVillage-based work [1], [7]) offer controlled
comparability across architectures but limited real-world
translation; field-deployment studies (e.g., [8], [23]) provide
ecological validity but are harder to generalise and replicate;
UAYV and hyperspectral studies [17], [18] offer richer spectral
information at higher acquisition cost and complexity. This
paper adopts a mixed-methods approach, synthesising
benchmark, field-deployment, and case-study evidence to
balance these limitations.

III. TECHNICAL BACKGROUND

3.1 Families of Detection Approaches

. Classical Machine Learning: Hand-crafted
colour, texture (GLCM), and shape features combined with
SVM, k-NN, or random-forest classifiers; effective on small,
controlled datasets but poor generalisation [3].

. Custom CNNs: End-to-end learned feature
hierarchies trained from scratch on labelled leaf-image
datasets such as PlantVillage [1], [6].

. Transfer Learning: Pre-trained backbones
(VGG16 [31], ResNet [32], Inception, DenseNet, MobileNet
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[33]) fine-tuned on agricultural imagery, reducing data and
compute requirements while improving accuracy on smaller
datasets [9].

. Object Detection: Faster R-CNN [36] and
YOLO-family [35] models that localise and classify individual
lesions or pests within an image, supporting severity
estimation rather than single-label classification [10].

. Vision  Transformers:  Attention-based
architectures (ViT) that model global image context, showing
promising early results on complex field imagery with
sufficient training data [34].

3.2 Architecture and Core Components

. Data Acquisition: RGB smartphone or
handheld-camera images, UAV/drone-captured canopy
imagery, and multispectral or hyperspectral sensors capturing
reflectance bands beyond visible light for early, pre-
symptomatic stress detection [17], [18].

. Preprocessing: Background segmentation,
colour normalisation, and data augmentation (rotation,
flipping, brightness/contrast jitter, GAN-based synthetic image
generation) to mitigate limited and imbalanced training data
[37].

Backbone:
Convolutional or attention-based layers that learn hierarchical
representations of lesion colour, texture, and spatial pattern.

. Classification / Detection Head: Fully
connected softmax layers for whole-image classification, or
region-proposal and bounding-box regression layers for
lesion-level detection.

. Deployment: Cloud-hosted inference for
high-accuracy  server-side = models on-device
(TensorFlow Lite, TinyML) inference optimised for offline,
low-connectivity, low-cost smartphone use in smallholder
settings [8], [40].

. Feature Extraction /

VErsus

IV. DETAILED ANALYSIS

4.A Advantages

. Speed and Scale: Diagnosis in seconds from
a single photograph, enabling rapid scouting across large field
areas compared with manual inspection [1].

. Accuracy under Controlled Conditions:
Benchmark studies report classification accuracies frequently
exceeding 95-99% on curated leaf-image datasets [1], [7].

. Accessibility: Smartphone-based tools bring
diagnostic capability to farmers lacking access to agronomists
or laboratories, particularly in low-resource regions [8], [23],
[39].

. Cost Reduction: Early, targeted intervention
reduces unnecessary or excessive pesticide application,
lowering input costs and environmental impact [45].
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. Non-Invasive Monitoring: Multispectral and
hyperspectral imaging can detect physiological stress before
visible symptoms appear, extending the window for effective
intervention [17].

4.B Disadvantages

. Dataset Bias: Models trained predominantly
on laboratory-quality, single-leaf, plain-background images
(e.g., PlantVillage) generalise poorly to cluttered, multi-leaf
field photographs [14].

. Data and Compute Requirements: Training
robust deep CNNs or transformers requires large labelled
datasets and non-trivial GPU compute, which is costly for
research groups in low-resource settings.

. Limited Regional Generalisation: Models
trained on one geography's cultivars and disease presentations
often underperform when applied to different regions or crop
varieties [14].

. Hardware  Constraints:  High-accuracy
models can exceed the memory and processing capacity of
low-cost smartphones common among smallholder farmers,
necessitating accuracy—efficiency trade-offs [33].

4.C Challenges

. Field Variability: Uncontrolled lighting,
occlusion, overlapping leaves, and complex backgrounds
substantially reduce real-world accuracy relative to laboratory
benchmarks [14].

. Class Imbalance and Rare Diseases:
Emerging or region-specific diseases are underrepresented in
public datasets, biasing predictions toward common classes.

. Co-occurring Symptoms: Multiple stresses
(disease, nutrient deficiency, pest damage) can present
visually  similar
classification [10].

. Connectivity and Infrastructure: Cloud-
dependent inference is impractical in rural areas with limited
or intermittent internet access, motivating offline-capable
design [43].

. Data Privacy and Ownership: Farm-level
imagery and location data raise privacy and data-sovereignty
questions, particularly where diagnostic apps are operated by
commercial third parties [38].

symptoms, complicating single-label

. Farmer Trust and Adoption: Opaque “black-
box” predictions without confidence estimates or explanations
can undermine farmer confidence and willingness to act on
model output [44].

4.D Positive Effects

. Improved Yield and Food Security: Earlier,
more accurate diagnosis supports timely intervention, reducing
yield losses attributable to disease [4].
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. Reduced Pesticide Overuse: Targeted,
disease-specific treatment recommendations reduce blanket
pesticide application, benefiting both cost and environmental
outcomes [45].

. Smallholder Empowerment: Free or low-
cost mobile diagnostic tools extend agronomic expertise to
farmers previously excluded from extension services [23],
[39].

. Data for Research and Policy: Aggregated,
anonymised diagnostic data can support regional disease
surveillance and early-warning systems for policymakers [2].

4.E Negative Effects

. Misdiagnosis Risk: False negatives can
delay necessary treatment, while false positives can prompt
unnecessary pesticide use — both with real economic
consequences for smallholder farmers [14].

. Digital Divide: Farmers without

smartphones, connectivity, or digital literacy may be excluded
from the benefits of these tools, potentially widening existing
inequality [43].

. Over-Reliance: Excessive dependence on
automated diagnosis without complementary agronomic
expertise risks poor decision-making in ambiguous or novel
cases.

. Data Extraction Concerns: Commercial
platforms aggregating farm data at scale raise concerns about
value capture and data governance vis-a-vis the farmers

generating that data [38].
V. EMERGING TRENDS

Attention-based
architectures are increasingly applied to plant-disease datasets,
showing improved handling of complex field backgrounds
where sufficient training data exists [34].

. Federated Learning: Privacy-preserving,
decentralised model training across farms or cooperatives
allows model improvement without centralising sensitive farm
imagery [38].

. UAV and Multispectral Sensing: Drone-
mounted multispectral and hyperspectral sensors enable
canopy-scale, pre-symptomatic stress detection across large
field areas [17], [18].

. Edge Al / TinyML: Model compression,
quantisation, and pruning techniques enable fully offline, on-
device inference on low-cost smartphones, addressing rural
connectivity constraints [33].

. Explainable AI: Techniques such as Grad-
CAM visual attention maps help build farmer trust by
highlighting the image regions driving a diagnosis, rather than
returning an opaque label [44].

. Vision Transformers:
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. Synthetic Data and GANs: Generative
adversarial networks are used to synthesise additional training
examples for rare disease classes, partially mitigating class-
imbalance and small-dataset limitations [37].

. Multimodal Fusion: Combining image data
with weather, soil, and IoT sensor readings to improve
diagnostic accuracy and enable predictive (rather than purely
reactive) disease-risk alerts [41].

VI. RESEARCH METHODOLOGY

This study employs a mixed-methods design
integrating  systematic  literature quantitative
benchmark synthesis, and case-study investigation, reflecting
an interpretive-pragmatic approach appropriate to the
sociotechnical complexity of agricultural Al deployment.

review,

6.1 Qualitative Approach

A structured literature review covered IEEE Xplore,
ACM Digital Library, Scopus, ScienceDirect, SpringerLink,
and Google Scholar (2016-2024, English-language, peer-
reviewed). Search strings combined “crop disease detection” /
“plant disease classification” with secondary terms including
deep learning, convolutional neural network, transfer learning,
and precision agriculture. Semi-structured interviews with
agricultural extension officers and agritech practitioners
supplemented the review to contextualise field-deployment
challenges.

6.2 Quantitative Approach

Secondary data on reported model accuracies, dataset
characteristics, and deployment outcomes were extracted from
the reviewed literature to support descriptive and comparative
analysis of architecture performance across laboratory and
field conditions. Where available, publicly reported adoption
statistics from deployed diagnostic platforms
discussion of real-world impact.

informed

6.3 Survey Design

A structured survey instrument, covering farm
profile, smartphone and connectivity access, prior use of
diagnostic tools, and trust in Al-generated recommendations,
is proposed as a companion primary-data collection instrument
for future empirical extension of this review, targeted at
smallholder and commercial farmer respondents across
multiple agro-ecological zones.

6.4 Case Study Approach

Three cases — a research-originated mobile
application, a commercial diagnostic platform, and an
integrated IoT-plus-Al farm platform — were selected
purposively to illustrate distinct deployment models and
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geographic contexts (Sub-Saharan Africa, South Asia, and
North America). Data sources included published project
reports,  peer-reviewed  evaluations, and  platform
documentation, with cross-case analysis identifying common
success factors and constraints.

VII. COMPARATIVE TABLES

Dimension Traditional Scouting

Diagnosis Time Hours to days (expert visit)
Expertise Required Trained agronomist/pathologist
Scalability Limited by expert availability
Cost per Diagnasis Moderate to high (travel, labour)
Accuracy [controlled conditions) High (expert-dependent)

Accuracy (field conditions) High (expert-dependent)

Table 2: Advantages vs. Disad'[vantages

Category Advantages

Speed Near-instant diagnosis
Accessibility Reaches remote smallholders
Accuracy High on curated benchmarks
Cost Low marginal cost per use

[BETE] Enables surveillance analytics

Table 3: Indicative Model Architecture
Comparison

Architecture Typical Use Case

Custorn CNN Baseline classification

VGG16 / ResNet {transfer General leaf-disease classification

learning)
MobileMet family On-device / offline mobile inference
Faster R-CNN / YOLO Lesion/pest localisation

Vision Transformer Complex field-background imagery

VIII. CASE STUDIES

The following three cases — representing a research-
originated field application, a commercial diagnostic platform,
and an integrated IoT-and-Al farm platform — provide
empirical grounding for the technical and methodological
themes discussed in earlier sections.

8.1 PlantVillage Nuru

Developed through a Penn State University research
collaboration and later supported by Google Al, the Nuru
mobile application applies an offline-capable MobileNet-
based CNN to diagnose cassava diseases directly on low-cost
Android smartphones without requiring an internet connection
— a design choice motivated directly by rural connectivity
constraints [8], [40]. Field trials in East Africa reported
diagnostic accuracy for major cassava diseases sufficient to
support extension-officer decision-making, and the underlying
dataset and model architecture were subsequently extended to
additional crops relevant to smallholder food security.
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8.2 Plantix

Plantix, developed by PEAT GmbH, is a smartphone-
based crop-diagnosis and advisory platform used by farmers
across South Asia, Africa, and Latin America to identify
diseases, pests, and nutrient deficiencies from leaf
photographs, coupling Al-based diagnosis with localised
treatment recommendations and a community discussion
feature [39]. The platform illustrates a commercial approach to
bridging the diagnostic gap for smallholder farmers,
monetising through input-supplier partnerships rather than
direct farmer fees, and highlights both the reach achievable by
consumer-facing agritech and the data-governance questions
that accompany large-scale farm-data aggregation.

8.3 Microsoft FarmBeats

Microsoft's FarmBeats research initiative integrates
low-cost IoT sensors, drone-captured imagery, and satellite
data with AI models to support precision-agriculture
decisions, including disease and stress detection at field scale
[41]. Unlike single-image smartphone diagnosis, FarmBeats
emphasises multimodal fusion — combining soil-moisture,
weather, and imaging data — and edge-computing
deployment to function reliably despite the limited or
intermittent internet connectivity typical of many farm
environments, illustrating a systems-level rather than single-
model approach to agricultural Al

DISCUSSION

The evidence reveals what might be termed an
“accuracy—generalisation gap”: models achieving near-perfect
accuracy on curated, laboratory-style datasets such as
PlantVillage frequently underperform when applied to field-
acquired imagery characterised by complex backgrounds,
variable lighting, and co-occurring stresses [1], [7], [14]. This
gap has direct practical consequences, since a diagnostic tool
that performs well only in benchmark conditions offers limited
value to farmers photographing plants under real field
conditions with ordinary smartphones.

This suggests that future research and product
development should prioritise field-representative dataset
construction, rigorous out-of-distribution evaluation, and
deployment-aware model design (favouring robustness and
offline capability over marginal benchmark accuracy gains)
over further optimisation on existing curated datasets alone.
The tension between model accuracy and on-device efficiency
— particularly acute for smallholder farmers using low-cost
smartphones with limited connectivity — further argues for
continued investment in model compression and edge-Al
techniques rather than assuming cloud connectivity as a given
[33], [43].
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From a practice perspective, explainability is not a
secondary concern but a prerequisite for farmer trust and
adoption: a diagnosis without visible justification is difficult
for a farmer to act on with confidence, particularly when the
recommended action (e.g., pesticide application) carries real
cost [44]. Equity considerations are equally central — tools
that assume smartphone ownership, data connectivity, and
digital literacy risk reinforcing rather than reducing disparities
between better-resourced and smallholder farmers unless
deliberately designed for low-resource contexts [43].

Future research frontiers identified by this study
include multimodal fusion of imagery with weather and soil
data for predictive (pre-symptomatic) disease-risk forecasting,
federated-learning approaches that allow model improvement
across farms without centralising sensitive imagery, and
rigorous field-condition benchmark datasets analogous in
scale and diversity to PlantVillage but reflecting real
deployment conditions across diverse geographies and
cultivars.

CONCLUSION

This paper has examined Al-based crop disease
detection methodologies, technical architecture, advantages,
challenges, effects on farmers and food systems, emerging
trends, and three illustrative deployments. The evidence
establishes image-based deep learning as a genuinely
promising tool for scalable, low-cost plant-disease diagnosis,
while confirming that closing the gap between laboratory
benchmark performance and robust field deployment
represents the field's defining challenge for the coming
decade.

Recommendations:

. Prioritise construction and sharing of field-
representative, geographically diverse training datasets over
further optimisation on existing curated benchmarks.

. Invest in model compression and
offline/edge-Al deployment to serve farmers in low-
connectivity regions.

. Integrate explainability (e.g., visual attention
maps) into diagnostic outputs to support farmer trust and
actionable decision-making.

. Establish clear data-governance and privacy
frameworks for farm-level imagery collected by commercial
diagnostic platforms.

. Encourage public—private and research—
extension partnerships to ensure equitable access to Al-based
diagnostic tools for smallholder farmers.
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APPENDIX A: PUBLICATION SUPPORT

A.1 Recommended Journals

Journal Publisher

Computers and Elactronics in Agriculture Elseviar

Frontiars in Plant Science Frontiara

Plant Mathods BioMed Central / Springer
IEEE
Elseviar

MDFI

A.2 Keywords

crop disease detection; plant pathology; image classification;
convolutional neural networks; transfer learning; precision
agriculture; deep learning; smart farming; explainable Al;
digital agriculture; smallholder farmers; food security.

A.3 Plagiarism Threshold

Target similarity: below 12-15% overall
(iThenticate/Turnitin), with no single source exceeding 3—5%.
Most target journals (IEEE, Elsevier, Springer, MDPI) require
below 20-30% overall similarity excluding references and
quotations.

A.4 Suggested Figures

. Fig. 1: Taxonomy of Al-based crop disease detection
approaches (classical ML / CNN / transfer learning / object
detection / vision transformer).

. Fig. 2: Reference pipeline architecture (image
acquisition — preprocessing — feature extraction —
classification/detection — farmer-facing output).

. Fig. 3: Laboratory vs. field-condition accuracy
comparison across representative studies (bar chart).
. Fig. 4: Model accuracy vs. on-device inference

latency trade-off across architectures (scatter plot).
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