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Abstract—This review provides a comprehensive examination
of recent methods that employ artificial intelligence (AI) and
computer vision techniques for autonomous plant disease recogni-
tion. It evaluates advancements from the past five years, focusing
on innovations in sensor integration, Al techniques, and image
analysis methods. This review also compares state-of-the-art
approaches by analyzing accuracy, efficiency, and trade-offs in
terms of scalability. Furthermore, an analysis of convolutional
neural networks (CNNs) and transformers is included, highlight-
ing their superior performance compared to traditional machine
learning methods, particularly in real-time disease screening.
Finally, the review emphasizes the need to develop lightweight Al
models specifically designed for edge-computing devices, aiming
to strike a balance between high recognition performance and
minimal computational demands.

I. INTRODUCTION

The recent developments in IoT (Internet of Things) and
Al (Artificial Intelligence) contributed significantly to how
agriculture is handled globally. These technologies introduce
more efficient, Al and data-driven approaches to crop produc-
tion and protection as they are reforming traditional farming.
Plant-disease recognition is critical, and Because of Al and IoT
systems farmers are now able to make smarter decisions and
corrective actions before the disease outbreak spreads. This
will reduce the need for traditional practices which still rely
heavily on manual human visual inspection, which requires
the knowledge of an expert. This will reduce reliance on
traditional practices, which depend heavily on manual human
visual inspection requiring expert knowledge, a process that is
time-consuming and prone to error. [1].

The current methods of plant-disease recognition increas-
ingly utilize Al in-order to analyze the crop health through
image data and sensor inputs. Real-time monitoring systems,
particularly those utilizing advanced cameras and wearable de-
vices, have demonstrated promise in early-stage plant-disease
detection. Field workers in the agricultural sector are now
able to monitor the condition of crops and intervene as soon
as signs of infection is detectedthanks to such advanced
equipment.

This review analyzes how Al-Powered systems are being
used for plant-disease recognition. They are presented as
strong tools for the modern agricultural environment. It also
provides an in-depth overview of modern research exercises
that include the combination of both IoT and AI technolo-
gies for plant-disease detection. These research efforts give
a special attention to models which have shown excellent

performance in image segmentation and classifications, that
would be thanks to advanced deep-learning models, precisely
the model of Convolutional Neural Networks (CNN).

Additionally, the review covers the development of Al-
enabled IoT sensors which allow environmental measurements
of temperature, humidity, soil moisture, and light exposure.
These measurements capture vital information that is needed
for performing the underlying disease identification tasks.
Especially in field conditions where variation is really high.

This paper also evaluates the current research methods and
highlights their strengths and weaknesses. The development of
Al-driven crop disease recognition has advanced significantly,
but there are still limitations in the existing models which
are proposed in the literature to recognize plant diseases.
For example, the implementation of robust AI models on
resource-constrained devices is one of the major challenge,
where these models can be used in remote settings while
providing user-friendly interface to farmers with varying levels
of technological proficiency.

To address these issues, this paper introduces a comprehen-
sive review of Al models developed to screen plant diseases
that do not require extensive ground truth labels for training.
Such models are scalable and well-suited for practical deploy-
ment in diverse real-world agricultural settings.

The main contributions of this paper are the following:

e 1 - An in-depth structured overview of IoT and Al-based
plant-disease recognition systems with focus on wearable
technologies.

e 2 - Deep learning models analysis, including the use of
CNN (Convolutional Neural Networks) in plant-disease
detection on images.

3 - Discussing lightweight Al Models development and
its suitability for real-time applications

4 - Highlighting current research limitations, and sugges-
tions for future work which include efficient models and
low resources for real-world application.

II. METHODOLOGY

This paper follows a systematic review approach to identify
and analyze recent advancements in Al-driven plant disease
detection systems, particularly focusing on those models which
can be deployed in wearable or resource-constrained environ-
ments.
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A. Search Strategy

We conducted a systematic search across IEEE Xplore, Sci-
enceDirect, and Springer library to search for related literature.
Keywords included: ”plant disease detection,” ”Al plant health
monitoring,” “wearable plant disease systems,” ’deep learning
agriculture,” and “edge computing plant disease”. Our search

was filtered to look for the publications from 2019 to 2024.

B. Inclusion and Exclusion Criteria

Studies were included if they:

o Proposed or evaluated Al models for plant disease recog-
nition.

o Discussed wearable or edge-based systems such as
system-on-chips or mobile devices.

o Reported performance metrics such as accuracy, preci-
sion, recall, or inference latency.

Studies were excluded if they:

e Focused solely on laboratory experiments without any
deployment consideration.

o Did not report evaluation results on real or publicly
available datasets.

C. Screening and Selection Process

Initially, 220 papers were identified. After title and abstract
screening, 75 papers were selected for full-text review. Finally,
41 papers met the inclusion criteria and were included in the
detailed analysis as shown in Figure 1.

Search conducted using keywords related to
"plant disease detection,” "Al agriculture,” and
"edge computing” across IEEE, Scopus, and Web
of Science databases (n =220)

Identification

Title and abstract screening performed (n=75)
(145 studies excluded based on title/abstract)

Screening

Full-text articles assessed for eligibility (n = 75)
(42 studies excluded after full-text evaluation)

Eligibility

Studies included in final systematic review (n = 41)

o
Q
o
=
=
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=

Fig. 1: Flow diagram of study identification, screening, eligi-
bility assessment, and inclusion process.
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Fig. 2: Comparison of papers found and selected per year.

D. Data Extraction

From each selected paper, the following data points were
extracted: Al model architecture, dataset details, evaluation
metrics, power consumption, and deployment feasibility.

III. RELATED WORKS

Several previous studies have reviewed which proposed
artificial intelligence models for plant disease detection. Early
review papers such as [2] and [3] have primarily focused on
CNN-based methods for disease classification. Other papers
like [4] have examined Internet of Things (IoT)-integrated so-
lutions for smart agriculture. However, these review paper also
concentrated on general Al frameworks, CNN and transformer
models, as well as large-scale cloud-based systems which have
been proposed over the past for real-time and robust screening
and monitoring of plant diseases.

In addition to this, this paper focuses on recent advance-
ments in the wearable Al solutions developed for plant disease
detection, highlighting methods that prioritize computational
efficiency, lightweight design, and suitability of AI models for
wearable and mobile devices.

The selection of individual papers for this review was
conducted systematically, as detailed in Section IV, using
defined search terms and inclusion/exclusion criteria to ensure
comprehensive and unbiased coverage of the most relevant
recent work.

Moreover, in this section a comprehensive review of cutting-
edge techniques developed for plant disease detection using
artificial intelligence are discussed. A notable foundational
work in the mobile Al-based plant disease detection is by
Raman et al. [4], where the authors employed a pre-trained
model to facilitate near real-time identification and segmen-
tation of apple diseases. To enhance segmentation accuracy,
the proposed framework integrates atrous skip connections.
Additionally, the system offers the advantage of a mobile
application, enabling user-friendly interactions. The study
demonstrates how an ultra-low-power IoT implementation can
achieve precise disease differentiation while ensuring rapid
results. This real-time processing capability, coupled with
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mobile accessibility and segmentation features, makes it well-
suited for wearable plant disease recognition applications [4],
(2].

Zermas et al. [5] developed a methodology for identifying
nitrogen (N) deficiencies in corn fields using high-resolution
red, green and blue (RGB) imagery captured by unmanned
aerial vehicles (UAVs). The approach leverages deep learning
techniques to detect and segment visual symptoms of nutrient
stress in corn leaves. Although the study addresses nutrient
deficiency rather than disease, the imaging and analysis work-
flow is similar to that used in wearable plant health monitoring
systems, where computer vision models process image data to
assess plant condition in real-time field environments.

Mousavi et al. [6] presented an object detector-based deep
learning system for the automatic identification of grapevine
leaf diseases. Their approach uses UAV-based image acqui-
sition combined with deep learning-based image processing
to achieve higher accuracy than conventional models. The
application of advanced deep learning architectures, including
object detection and classification models, supports the devel-
opment of precise Al-based wearable systems for real-time
plant disease diagnosis [3], [7], [8].

Moreover, authors in [9] aimed to discuss the increasing
popularity of printed sensors in smart farming with an em-
phasis on the features of sensing different aspects of agricul-
ture including the state of the soil and plants, and climatic
conditions [10], [11], [12].

The authors in [13] introduces a smart crop growth moni-
toring system through edge Al for pest and disease severity
classification of crops. The system also includes an adaptive
cryptography engine to ensure secure transmission of sensor
data, and utilizes an edge Al framework deploying binarized
neural networks for real-time crop health prediction. This solu-
tion prioritizes resource efficiency and parallel data processing,
which are critical for wearable agricultural devices operating
under real-time constraints.

The study in [14] addresses crop disease detection in harsh
field conditions, specifically targeting rugged mountainous
terrain where image acquisition is affected by unstable light-
ing, poor network transmission, and complex environmental
interference. The proposed model is trained and evaluated on
a dataset comprising 27 disease images across 10 different
crops, achieving an accuracy of 86.1%. The core objective
of this research is to ensure reliable disease identification
in challenging environments, such as mountainous regions,
leveraging deep learning techniques. This is analogous to how
a plant disease recognition wearable device must perform
optimally across diverse contexts.

The work proposed in [15] fuses the IoT sensor data with
hyperspectral imaging to identify litchi downy blight disease.

Cap et al. [16] proposed “LeafGAN” to address the prob-
lem of data scarcity in plant disease diagnosis using GAN.
LeafGAN creates realistic images of plants as additional data
for plant datasets that may have low sample sizes or desired
classes that are imbalanced.
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Mewada et al. [17] discussed an IoT system for plant disease
classification using Support Vector Machines (SVM). Based
on the features of the leaf images, SVM model selects healthy
and diseased plants with no need of any manual scoring. Such
systems provide actual time tracking concerning diseases, and
is affordable and easy to expand in agriculture[17].

Lin et al. [18] presents a novel IoT system for disease
identification in strawberries, with wall-mounted cameras.
Smart cameras capture actual fresh images of strawberry plants
without any artificial enhancement; deep analytics models
recognize the symptom of disease from the images captured
using surveillance-quality cameras. This method can identify
diseases based on their discoloration and the disease spots.

Singh et al. [19] presents a comprehensive understanding of
the relationship between IoT and Al in smart agriculture. Their
paper outlines contemporary approaches to agricultural field
and crop monitoring using sensor technologies combined with
Al, such as plant disease identification and tools for enhancing
farming efficiency. It also addresses the technological issue
of IoT concerning security and integration of agricultural
systems. Similarly, this paper provides information on addi-
tional trends for future development of artificial intelligence
in agriculture to enhance yield and efficiency of resources.

Yafeng et al. [20] proposed a deep learning model within
an IoT setting for accurately diagnosing the crop diseases.
Information about diseases is provided based on image clas-
sification performed by the CNN. The use of IoT and deep
learning in the system enables fast detection of plant diseases,
supporting farmers in making timely and effective crop man-
agement decisions.

Bartolini et al. [21] used crowd-sensing technologies in
plant disease identification and targeted their approach for
the developing countries. To achieve those goals, their pa-
per proposes a framework that incorporates low-cost sensors
with crowd-sourced data acquisition methods to monitor plant
health. The application of machine learning to this data is
emphasized, as well as the ways in which sensors can be
arranged to provide the best coverage. This approach offers
an effective means of implementing disease surveillance in
regions severely impacted by agricultural diseases, ensuring
affordability despite technological limitations[22], [23], [24],
[25].

Zhao et al. [26] developed DoubleGAN: a two-stage GAN
model that can generate synthetic images of diseased plant
leaves. The authors also demonstrated that their approach
creates realistic diseased leave images with high resolution to
supplement the existing unbalanced datasets. These generated
images are further used to enhance the training dataset for
training ML models, which enhances the effectiveness of the
model to detect such diseases from real plant samples [27],
[28], [29], [30].

This study by Liu et al. [31] focuses on enhancing a
lightweight CNN by integrating an attention mechanism for
crop disease detection. The authors optimized the CNN model
to minimize computational requirements, making it suitable
for environments with limited processing power while still
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achieving high accuracy in disease classification.

This paper proposes an ensemble classification system for
identification of crop diseases using IoT sensory devices.
One involves feeding of general environmental data and plant
image to train a range of machine learning models and compile
their outputs for enhanced classification. The work shows that
IoT can be integrated with Al to enhance crop awareness [32].

The authors in [33] describe a lifelong learning system
which periodically adapts to new data for the purpose of pest
identification in agriculture. The system employs techniques of
applying hierarchal learning to differentiate between differing
pests, while improvements are made as new information is fed
into the system.

In [34], the authors developed a complete end-to-end model
that can predict corn yield using soil and climate information.
It combines various environmental factors to generate yield
estimates, which assist farmers in planning crop selection,
planting schedules, and resource allocation. A theoretical
contribution of this study is its demonstration of deep learning
applications in predictive analytics for agriculture.

IV. METHODOLOGICAL ANALYSIS

This section presents an assessment of plant disease detec-
tion schemes, especially those methods which are built using
the combination of deep learning, computer vision, and IoT
systems. The performance of these methods is usually mea-
sured according to their precision, time complexity, and their
capability to process real-time data. The detailed discussion
about these methods is presented below:

A. Deep Learning Models and Metrics

Most studies employ deep learning models for image-driven
disease diagnosis using CNNs and transformer models [31].
The performance of these models is typically measured using
standard classification metrics like accuracy, recall, precision,
and F1-score.

B. Evaluation in Field Conditions

Several papers validated their methodologies through field
trials in real agricultural settings [20], [31], measuring the
following:

« Field accuracy: Deviation in naturally climatized condi-
tions opposed to standard lab conditions where, in some
cases, light condition, plant type and disease development
may differ markedly.

« Robustness to environmental variability: The accuracy
of the system when the environment results are inconstant
due to variations of light, density of plant, or disease
level.

« Impact on crop yield: While some papers focus on the
ability of the model in quantifying the performance of
the crops, others look at the welfare and performance of
the crops, and analyze how early detection and timely
intervention as suggested by the Al model may affect the
yields.
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C. Comparative Frameworks and Models

Many studies utilize comparative Al models to perform
crops disease detection tasks. Such Al models are typically
benchmarked using standard criterion, as explained below.

¢ Model Comparisons: Various models are compared with
each other in terms of accuracy, inference time, and
resource usage. Compound-scaled object detection mod-
els, optimized for performance on resource-constrained
devices, are frequently evaluated against CNN-based clas-
sifiers for plant disease detection tasks [27], [31]. These
comparisons help determine suitability for wearable plant
disease detection where deployment of Al models on
resource-constrained devices is essential.

Data Augmentation: Several studies employed data
augmentation techniques such as rotation, flipping, and
scaling to enhance training data diversity and improve
model performance at the inference stage [16], [26].
The effectiveness of augmentation strategies is usually
assessed by measuring the overall performance gain pro-
duced by the model at the inference stage.

Loss Functions: Many studies applied standard loss
functions such as categorical cross-entropy for multi-class
disease classification tasks [4], [25]. This loss function
measures the difference between the predicted probability
distribution and the actual distribution:

N
L(y,9) = _Zyi log(9:) (1
i=1

Where y represents the true class labels and § denotes
the predicted class probabilities. The goal is to minimize
this loss during training to improve model generalization
and classification accuracy.

Intersection over Union: For segmentation tasks, such as
those executed by U-Net[35], the Intersection over Union
(IoU) metric is employed to evaluate the overlap between
the predicted segmentation mask and the ground truth [6].
Mean Average Precision: For object detection models,
mean Average Precision (mAP) is utilized to assess preci-
sion and recall at various threshold levels for identifying
disease-affected areas [26].

Additional Classification Metrics: Beyond segmenta-
tion and detection metrics, many studies also report
precision, recall, Fl-score, and accuracy — especially
for models that perform multi-class classification of plant
diseases. These metrics provide a more complete picture
of model performance, particularly in imbalanced datasets
where accuracy alone can be misleading [4], [25], [31].

V. RESULTS AND DISCUSSION

This section presents a comparative results of the state-of-
the-art models designed to screen plant diseases. For com-
parison purposes, this paper expresses focus on essential per-
formance indicators including classification accuracy together
with mean average precision (mAP), power efficiency and
latency where data was consistently reported.
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A. Comparative Analysis of Model Performance

Table I summarizes the performance benchmarks of sev-
eral state-of-the-art Al models proposed for plant disease
detection. The Compressed CNN presented by Falaschetti
et al. [2] achieved 91.3% accuracy with an inference time
of 45 milliseconds and low power consumption, making it
suitable for wearable deployment. VGG16 combined with
Faster R-CNN demonstrated 96.2% accuracy but required high
power and incurred a 230 ms inference time, limiting its
practicality in edge-based systems [6]. EfficientDet, as detailed
by Zhao et al. [26], achieved 98.3% accuracy with a moderate
computational footprint and an estimated inference time of
55 milliseconds, demonstrating high suitability for embedded
platforms. MobileNetV2 models, discussed by Elfatimi et al.
[8], offered 97.0% accuracy with very low power requirements
and 30 ms inference latency, emphasizing their applicability
for real-time wearable solutions. The Improved CNN proposed
by Sun et al. [S] attained 96.5% accuracy and a moderate
inference delay of 90 milliseconds, making it viable for edge
deployment scenarios where resource efficiency is critical.

B. Interpretation and Implications

The evaluated models exhibit different compromises in
terms of accuracy, complexity, and energy usage. EfficientDet,
through compound scaling and efficient backbones, achieves
the highest mAP while maintaining low computational de-
mands. MobileNetV2, optimized for embedded vision tasks,
demonstrates a strong balance between classification perfor-
mance and ultra-low power usage, making it suitable for
wearable and mobile deployments.

Heavier models such as VGG16 + Faster R-CNN[36] per-
form well under GPU support but are infeasible for wear-
able use without significant compression or offloading. IoT-
integrated approaches, such as YOLO[38] paired with envi-
ronmental sensors, demonstrate moderate classification accu-
racy but offer significant advantages in multi-modal disease
monitoring (e.g., fusing imagery with humidity or soil data).

Notably, dataset heterogeneity limits the fairness of com-
parisons across studies. Research efforts often rely on in-
dependently collected plant disease datasets, each following
different annotation standards and environmental conditions.
This variation complicates direct performance comparison. To
address this, standardized benchmark datasets are needed to
support consistent and reliable evaluation in plant disease
diagnosis.

C. Deployment Challenges Observed in Literature

Environmental inconsistencies such as variations in
lighting, leaf occlusion, and overlapping disease symp-
toms—significantly impact model robustness across plant dis-
ease studies. While preprocessing techniques like adaptive
histogram equalization and data augmentation offer partial
mitigation, model performance often degrades under real-
world domain shifts. To date, only a small number of models
have demonstrated reliable generalization across diverse crop

428

types and geographic regions, underscoring the need for ar-
chitectures specifically designed for cross-domain resilience.

Latency considerations further constrain deployment. Mod-
els such as MobileNetV2[39] or compressed CNNs exhibit
sub-100ms inference time on ARM-based edge devices, sup-
porting real-time disease feedback. In contrast, models requir-
ing cloud offloading experience unpredictable delays due to
network variability.

VI. CHALLENGES AND OPPORTUNITIES

The application of Al in wearable and wearable plant dis-
ease detection faces several technical constraints and domain-
specific challenges. At the same time, emerging techniques
present promising opportunities for overcoming these limita-
tions.

A. Key Challenges

Computational Constraints: Wearable devices (e.g.
Raspberry Pi, Jetson Nano) have limited CPU/GPU re-
sources. Large CNNs (like VGG16)[37] do not run on
such hardware without compression or acceleration. Early
detection of diseases like grapevine mildew demands
lightweight models that can operate under strict memory
and energy limits.

Power Consumption: Battery-powered devices deployed
in fields must optimize their computational loads to con-
serve energy. Ongoing inference for the prompt detection
of illnesses such as powdery mildew in vineyards hastens
battery exhaustion unless sophisticated scheduling and
energy-efficient inference methodologies are employed.
Environmental Uncertainty: Outdoor field deployments
subject Al models to variable illumination conditions,
plant obstructions, and ambient noise. Diseases such as
leaf blight or citrus greening may manifest subtly, requir-
ing models robust to domain shifts caused by changing
weather or plant growth stages.

Dataset Limitations and Bias: Publicly available
datasets for plant diseases often under-represent certain
crops or disease stages, leading to model bias. Rare
diseases such as tomato yellow leaf curl virus are partic-
ularly affected, limiting the model’s ability to generalize
across geographic regions.

IoT Latency and Network Reliability: Reliance on
cloud computation can result in delayed responses in
agricultural regions with weak connectivity, jeopardizing
real-time disease management actions. Offline inference
capabilities are therefore critical for reliable plant health
monitoring.

B. Emerging Opportunities

« Edge AI and On-Device Inference: Hardware accel-
erators like EdgeTPU and NVIDIA Jetson Nano now
enable real-time disease recognition, such as detecting
early signs of grape downy mildew directly at the sensor
node, without needing constant internet connectivity.
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TABLE I: Performance Comparison of Al Models for Plant Disease Detection

Model Accuracy (%) | Power Profile | Inference Time (ms) | Deployment Feasibility
Compressed CNN [2] 91.3 Low 45% Mobile/Wearable
VGG16 + Faster R-CNN [6] 96.2 High 2307 Cloud/Server
EfficientDet (DoubleGAN) [26] 98.3 Moderate 557 Edge/Wearable
Improved CNN [5] 96.5 Medium 907 Edge Device
MobileNetV2 [8] 97.0 Very Low 307 Mobile/Wearable

 Estimated based on similar models.  * Reported directly in cited work.

Model Compression and Knowledge Distillation: So-
phisticated models like EfficientDet[40] can be imple-
mented in wearable field equipment for the prompt de-
tection of crop diseases like maize leaf spot without com-
promising accuracy by using trimming and quantization-
aware training.

GAN-Based Data Augmentation: Generative Adversar-
ial Networks (GANs) can synthesize realistic diseased
leaf images, improving dataset diversity for rare cases
such as litchi downy blight or soybean rust, ultimately
enhancing model generalization to unseen diseases.
Attention and Vision Transformers: Lightweight Vision
Transformer models (e.g., MobileViT) [41] enable mod-
els to focus spatial attention on localized disease features
like necrotic spots or leaf discoloration, improving detec-
tion robustness even under partial occlusion.

Real-Time Field Analytics: Integration of real-time en-
vironmental sensors (measuring humidity, soil moisture,
and pH) with AI models enables multi-modal disease
prediction, offering farmers immediate alerts for condi-
tions conducive to outbreaks like powdery mildew or late
blight.

VII. CONCLUSION

This paper presents a detailed review of Al-driven wearable
devices proposed by the research community to autonomously
and reliably screen plant diseases. Here, we discussed vari-
ous aspects of the literature, including conventional machine
learning and advanced deep learning, which can assist farmers
in their daily workloads by replacing the manual screening
process. Al-based methods can also yield higher crop produc-
tion, benefiting farmers and consumers. Nevertheless, there
are still some challenges and limitations in this area, which
are mostly related to computational constraints, environmental
variability, data scarcity for the Al methods, and latency. We
provided a thorough analysis of these limitations in this paper
and highlighted plausible directions that the researchers can
pursue in the future.
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