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Plant diseases threaten global food security by causing substantial crop
losses. Manual inspection is time-consuming and error-prone, motivating
automated image-based diagnosis. Recent research has leveraged advanced ML/DL
techniques - from traditional classifiers (SVM, RF, KNN) to deep models (CNNs,
DBNs, RNNs) and modern architectures (transfer learning  with
ResNet/VGG/EfficientNet, Vision Transformers, attention-based networks) - to
improve detection accuracy and speed. For example, deep CNNs fine-tuned on large
leaf-image datasets often achieve =98% accuracy, far exceeding classical ML
methods that rely on handcrafted features. Key findings include effective feature
learning by CNNs and ViTs, and hybrid models that incorporate attention or RNN
components for better localization. However, challenges remain: DL models require
large, diverse datasets; they can overfit to background or lab conditions. Future
directions emphasize lightweight edge deployment (e.g. on smartphones or
drones), data-efficient learning (few-shot, self-supervised), multimodal sensing
(RGB+NIR), federated model training for privacy, and explainable AI to assist
farmers. This survey reviews recent ML/DL advances in plant disease detection,
summarizing methodologies, datasets, evaluation criteria, and outlooks for
practical deployment.
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Introduction

Plant health is critical for agriculture and food security. Undetected diseases
can devastate yields - current estimates attribute 30-40% of crop losses to
pathogens'. For example, one review notes that hundreds of millions face hunger
partly due to such losses. Traditionally, disease diagnosis relies on expert inspection
and lab tests, which are slow, costly, and impractical at scale. Automated image-
based detection promises faster intervention and reduced yield loss. Advances in
computer vision enable early disease spotting by analyzing leaf images for
symptoms. Recent works have shown that ML and especially DL models can learn
discriminative features from raw images, outperforming hand-crafted methods.
This paper reviews these advances. We discuss how CNNs, RNNs, DBNs, transfer
learning and transformers are applied to plant disease detection, compare
traditional ML methods, survey public datasets, outline evaluation metrics, and

analyze remaining challenges and future trends.
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Figure 1. Representative Leaf Disease Categories Used in Deep Learning-Based Plant
Disease Detection

Machine Learning and Deep Learning Methods for Plant Disease
Detection

Traditional ML classifiers (SVM, KNN, Decision Trees, Random Forests, etc.)
were first used for leaf disease classification. These methods rely on extracted
features (color histograms, textures, shape descriptors). They can perform well on
small or lab datasets but struggle with real-world variability. Studies note that
handcrafted features often fail to capture subtle lesions and are sensitive to

! Nyawose, T.; Maswanganyi, R.C.; Khumalo, P. A Review on the Detection of Plant Disease Using
Machine Learning and Deep Learning Approaches. J. Imaging 2025, 11, 326.
https://doi.org/10.3390/jimaging11100326
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lighting/background changes, limiting generalization. As a result, classical ML
underperforms when images are high-resolution or taken in uncontrolled
environments.

In contrast, 'Deep Learning models automatically learn features from raw
images, substantially improving performance. The most common approach is
Convolutional Neural Networks (CNNs). For example, Mohanty et al. (2016)
trained AlexNet on 54,306 leaf images (14 crops, 26 diseases) and achieved 99.27%
accuracy. Further comparisons have shown modern CNNs (VGG, ResNet, DenseNet,
Inception) yielding similar ultra-high accuracies (DenseNet-121 reaching ~99.8% on
PlantVillage)>. Table 1 (below) summarizes typical architectures used:

* ResNet (e.g. ResNet50) - deep residual networks for hierarchic features.
* VGGNet - simpler deep networks (VGG16/19) with very deep stacks of
3x3 conv layers.

¢ Inception (GooglLeNet) - mixed convolution kernels to capture multiple
scales.

* DenseNet - dense connectivity for feature reuse.

e EfficientNet - compound scaling for lightweight yet accurate models.

CNNs can be used in two ways: training from scratch on a large plant-image
dataset, or transfer learning, where an ImageNet-pretrained model is fine-tuned on
leaf images. The latter is common, especially for smaller datasets. For instance,
researchers have fine-tuned pre-trained MobileNet or EfficientNet models on
tomato and other crop diseases, achieving strong results with limited data.

Hybrid CNNs incorporating attention or other modules have also emerged.
Karthik et al. added residual links and attention gates in a custom CNN, reaching 98%
accuracy on PlantVillage. Similarly, some works integrate channel/spatial attention
(e.g. CBAM) into MobileViT (PMVT) networks to focus on infected regions.

! Patterson, J.; Gibson, A. Deep Learning: A Practitioner’s Approach. O’Reilly Media, 2017

p. 36

2Krishna, M.S.; Machado, P.; Otuka, R.l.; Yahaya, S.W.; Neves dos Santos, F.; lhianle, I.K. Plant Leaf
Disease Detection Using Deep Learning: A Multi-Dataset Approach. J 2025, 8, 4.
https://doi.org/10.3390/j8010004
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Figure 2. Deep Learning Architecture for Leaf Image Segmentation and
Disease Classification Using Multi-Stage CNN and Inception Networks

Besides CNNs, Recurrent Neural Networks (RNNs) and attention
mechanisms have been explored. RNNs are less common for static images, but one
approach used an RNN with attention to sequentially focus on infected areas of a
leaf. Lee et al. found that their attention-based RNN was more robust and
generalized to unseen crop species than a vanilla CNN. They noted that plain CNNs
often “learn” background or healthy parts, whereas their RNN helped localize
lesions. Thus, RNN/attention modules can mitigate CNN biases.

Deep Belief Networks (DBNs) - composed of stacked Restricted Boltzmann
Machines - have also been applied. DBNs can be trained unsupervised to extract
features and then fine-tuned for classification. Reported results include 96-97.5%
accuracy on identifying leaf lesions and pests, illustrating that even older DL models
can be effective if data permits.

Emerging architectures include Vision Transformers (ViTs) and hybrid CNN-
VIiT models. ViTs divide an image into patches and apply self-attention, capturing
_global context. Light-weight ViT variants have been proposed for plant images; for
example, the PMVT (Plant MobileViT) uses fewer parameters than traditional models
but still “surpasses current leading lightweight and heavyweight networks” in
accuracy. Hybrid models combine CNN backbones with transformer layers: e.g., a
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ViT-CNN fused with near-infrared data achieved ~88.9% accuracy on field-collected
images, outperforming a DenseNet baseline. These results suggest that
incorporating attention (spatial or channel-wise) and transformer principles can
improve detection under real-world variability.

In practice, the choice among these methods often balances accuracy vs.
resource cost. CNNs like ResNet50 may achieve top accuracy but are heavy to train
and deploy. EfficientNet or MobileNet variants offer a compact trade-off. YOLO-
series object detectors are notable for real-time speed; one survey notes YOLOv3's
effectiveness on edges. Hybrid approaches (e.g. CNN+RNN, CNN+Booster) further
explore combining strengths. Overall, deep learning methods dramatically
outperform classical ML in plant disease tasks'.

A representative deep learning pipeline (Figure 3) for plant disease detection is
illustrated, incorporating data augmentation techniques such as random cropping,
flipping, color jittering, and the addition of noise to enhance model robustness.
Multiple convolutional neural network (CNN) architectures, including ResNet,
EfficientNet, and DenseNet, are employed with transfer learning.

Pretrained networks (e.g., ResNet50, EfficientNet-B3/B0) are fine-tuned on
labeled leaf images to improve detection accuracy and generalization.

(= = = ~\ e B\
Input Data Data Augmentation Pretrained CNN Architectures Disease Detection
(Labeled Leaf Images) (Transfer Learning) / Classification
—_——
! Random ResNet EfficientNet | DenseNet
:_ 4 CFDPS (e.g., ResNetS0) | (e.g., B3/BO)

flns

‘ @ Color Jitter i ‘ %/ﬁ
e —— v

=i
Probability

ity
1

-
() ResNet EfficientNet | DenseNet

Noise (e.g., ResNets0) | (e.g., B3/BO)

L Detected: Tomato

njection Fine-tuning on Plant Disease Dataset Early Blight

(Labeled Leaf Images) s
.

Input Data

7 L s

Figure 3. End-to-End Deep Learning Pipeline for Plant Leaf Disease Classification
Using Data Augmentation and Transfer Learning

Datasets for Plant Disease Detection

tLi, G.; Wang, Y.; Zhao, Q.; Yuan, P.; Chang, B. PMVT: a lightweight vision transformer for plant
disease identification on mobile devices. Front. Plant Sci. 2023, 14, 1256773.
https://doi.org/10.3389/fpls.2023.1256773
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High-quality, annotated image datasets are crucial. Popular public datasets
include®:
e PlantVillage

¢ Rice Leaf Disease (Kaggle)

e PlantDoc

C .
Dataset Image rop. Classe Environme Key
Specie

Name Count s nt / Type Characteristics

High-quality
images on plain
backgrounds. A
Lab / standard
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Controlled .
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backgrounds can
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rice. Includes
varying

Field backgrounds,
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challenge
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Rice Leaf
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e Kaggle Plant Pathology

2Xu, M.; Park, J.-E.; Lee, J.; Yang, J.; Yoon, S. Plant disease recognition datasets in the age of deep
learning: challenges and opportunities. Front. Plant Sci. 2024, 15, 1452551.
https://doi.org/10.3389/fpls.2024.1452551
¥ Singh, D.; Jain, N.; Jain, P.; Kayal, P.; Kumawat, S.; Batra, N. PlantDoc: A Dataset for Visual Plant
Disease Detection. GitHub repository, 2020. https://github.com/pratikkayal/PlantDoc-Dataset
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Table 1. Plant Disease Datasets Overview
Each dataset has biases. PlantVillage's clean lab shots differ from field
images, so models trained only on it may not generalize well. Classes are often
imbalanced (some diseases much rarer), leading to skewed training. As an example,
the combined PlantDoc/web dataset shows uneven class counts (see figure below),
reflecting natural frequency differences and class selection choices.
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Figure 4: Class distribution in a multi-species plant disease dataset Classes
include many species (apple, tomato, etc.) and diseases, with marked imbalance.
Tomato-related classes (e.g., “Tomato Septoria” and “Tomato bacterial spot”) appear
among others.

To address data issues, researchers employ augmentation and
preprocessing. Images are typically resized (e.g. to 224x224), normalized, and
augmented by random rotations, flips, color shifts, and noise injection. Advanced
augmentations (GAN-based synthetic images) have been proposed to increase
diversity. Annotation is another challenge: segmenting lesions or drawing bounding
boxes is labor-intensive, so many methods assume only image-level labels. Overall,
dataset quality (resolution, noise) and representativeness strongly affect detection
performance.

Performance Evaluation Criteria

Models are evaluated using standard classification and segmentation
metrics. Common classification metrics (for leaf-level labels) include accuracy,
precision, recall, and F1-score, defined in terms of true/false positives and negatives.
For multi-class cases, averaged or per-class F1 is reported. Confusion matrices are
also used to identify which diseases are frequently confused. Cross-validation (e.g. k-
fold) is often employed to estimate generalization reliability, especially on limited
data.

For segmentation or localization tasks (e.g. lesion area), overlap metrics
are used. The Intersection over Union (IoU) measures the overlap between
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predicted and ground-truth masks, and the Dice Similarity Coefficient (DSC) is a
related overlap metricranging [0,1] (1 = perfect overlap). For instance, recent studies
use IoU/DSC to quantify how well attention maps or segmentation masks align with
actual diseased regions. For example, Zhang et al. measured IoU/DSC between
model saliency maps and expert masks to assess interpretability’. Receiver
Operating Characteristic (ROC) curves and Precision-Recall curves (with Area Under
Curve, AUC) are also reported, especially in binary/class-imbalanced cases, to
evaluate discrimination at various thresholds.

In summary, evaluation typically combines pixel-wise overlap (IoU, DSC) for
localization accuracy and classification scores (accuracy, F1, AUC) for decision
performance. A confusion matrix further reveals model bias (e.g. some diseases
often mistaken). Cross-validation or repeated train-test splits ensure results are not
due to lucky splits. Together, these metrics provide a comprehensive assessment of
model effectiveness and robustness.

Discussion

Current research shows a clear trend: deep models and transfer learning
dominate, achieving near-perfect accuracy on benchmark sets. Lightweight and
mobile-oriented architectures (e.g. PMVT, EfficientNet) are also explored for real-
time  applications.  Hybrid models (e.g. CNN+ViT, = CNN+booster,
CNN-+attention/RNN) have emerged to capture both local and global patterns; many
have outperformed pure CNNs in field-like tests.

However, major challenges persist. A lack of diverse, field-representative data
causes models to overfit to lab conditions. For example, models trained on
PlantVillage often drop in accuracy on natural images. Similarly, two visually similar
diseases (e.g. tomato early vs. late blight) can confuse CNNs if the background or
symptoms overlap. Overfitting is common: as Zhang et al. quantify, many model
“features” lie outside actual lesions, indicating reliance on irrelevant cues. Class
imbalance (some diseases underrepresented) further biases training.

Deploying DL systems in real-world agriculture introduces practical hurdles.
Large CNNs demand significant compute and memory; field devices (drones,
smartphones) may not support them. For example, one group converted a trained
model to ONNX and NCNN formats to run inference on a smartphone app. Even
then, inference speed can be ~650ms per image on mobile, which is suboptimal for

! Kondaveeti, H.K.; Simhadri, C.G. Evaluation of deep learning models using explainable Al with
qualitative and quantitative analysis for rice leaf disease detection. Sci. Rep. 2025, 15, 31850.
https://doi.org/10.1038/541598-025-14306-3
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real-time monitoring. Data privacy is also a concern: farmers may be unwilling to
share images with cloud services.

To address these, researchers propose several solutions. Federated
learning could train global models without sharing raw images (farmers keep data
local). Data augmentation and GANs are used to synthetically enrich datasets.
Multimodal sensing (e.g. combining RGB with NIR or spectral data) can reveal
features invisible in RGB; a ViT-CNN on multi-spectral rice images improved accuracy
under field conditions. Lightweight models like YOLOvV3 or MobileViT (PMVT) offer
faster inference on edge devices. Explainable AI (XAI) techniques (Grad-CAM, LIME)
are increasingly used to highlight diseased regions and justify predictions. For
instance, one study integrated a text-based lesion-report module into a CNN,
improving farmer trust despite slower speed. Self-supervised and few-shot learning
methods are also promising for coping with limited labels, as some surveys note
(though full solutions remain open).

In summary, the field is moving towards robust, interpretable, and
deployable solutions. Trends include hybrid attention models, mobile/edge
deployment, and leveraging unlabelled data. Future work must tackle dataset
biases, create models that generalize across environments, and integrate Al
detection into smart farming systems (drones, IoT sensors) for real-world
monitoring.

Conclusions and Future Work

Deep learning has markedly advanced plant disease detection. State-of-the-
art CNN and transformer-based models consistently achieve very high accuracy on
benchmark tasks (often >95%), greatly reducing manual effort'. Transfer learning
(e.g. ResNet/EfficientNet pretrained on ImageNet) is standard, enabling quick
adaptation to specific crops with limited new data. Vision Transformers and
attention mechanisms have further improved localization of lesions and robustness
to background variation.

Key takeaways include that DL-based systems can drastically improve
detection speed and precision over traditional methods, but require careful
handling of data diversity. Cross-dataset studies show models can fail when

! lhianle, I.K. Plant Leaf Disease Detection Using Deep Learning: A Multi-Dataset Approach. J. 2025,
8(1), 4. https://doi.org/10.3390/j8010004
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encountering new backgrounds or species not seen during training. Overfitting to
non-disease cues remains a concern’.

Looking ahead, several directions are ripe for research. Edge AI and IoT
integration - deploying models on drones, robots, and handheld devices - will
enable continuous real-time surveillance. For example, converting DL models to
mobile-friendly formats (ONNX/NCNN) and running on smartphones or farm drones
is under active development. Federated and privacy-preserving learning could let
multiple farms collaboratively train models without sharing private images.
Multimodal approaches (combining images with environmental sensors, weather
data or hyperspectral imagery) may improve early detection. Few-shot and self-
supervised learning are promising for scarce labels: by leveraging unlabelled
images or one-shot examples, future models could learn new disease categories
more efficiently. Lastly, continued emphasis on explainability and human-AI
interfaces will help farmers trust and act on Al diagnoses.

In conclusion, ML/DL have revolutionized plant disease diagnosis, pushing
accuracy to new heights. By addressing remaining gaps - diverse data,
generalization, computational cost, and interpretability - future systems can achieve
robust, scalable plant health monitoring, ultimately contributing to safer and more

productive agriculture.
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6e3onacHocMu, 6bi3bl8aA 3HAYUMeIbHbIEe nomepu ypoxcas. PyyHas uHcnekyus
Aensemca mpyooéMKUM U NoOGepdCeHHbIM owubkam npoyeccom, 4Ymo
cmumynupyem paseumue aemMoOMamMu3UpOBAHHbLIX cucmeM OUA2HOCMUKU HaA
ocHoge u3o6paxceHuil. B nocnedHue 2006l UCCNe008AHUA AKMUBHO UCNOAL3YIOM
nepedoesie MemoObl MAWUHHO20 U 2ny6okoz2o o6yvyeHus (ML/DL) — om
mpaouyuoHHeIx Knaccugpukamopoe (SVM, RF, KNN) do any6okux modesneii (CNN,
DBN, RNN) u coepemMeHHbIX apxumekmyp (mpaHcpepHoe obyyeHue ¢
ucnons3oeaHuemM ResNet/VGG/EfficientNet, eusyaneHele mpaHcpopmepsl, cemu ¢
MexaHU3MOM 6HUMGHUSI) — 044 NoeblWeHUA mMOYHOCMU U CcKopocmu
pacno3HaeaHus 3a6oneeaHull. Hanpumep, 2ny6okue ceepmoyHbie HelipOHHbIE
cemu (CNN), doobyyeHHble Ha 6oabWUX HA6opax usobpaxceHull AUCMbes, 4acmo
docmuzarom moyHocmu =98 %, Ymo 3HaYUMenbHO npesocxooum Knaaccuvyeckue
Memodsl MaQWUHHO20 06y4YeHUs, 0CHOBAHHbLIE HA PYYHOM U38/eYeHUU NPU3HAKOE.
Kniouyeewie pesynomamel eknwyarom 3¢pekmueHoe ob6yyeHue Npu3HAKOE C
nomowbro CNN u Vision Transformers, a makxce 2ubpudHeie modenu, Komopoie
UHmMe2pupyrom MexaHuU3mMel HUMAHUSA UAU peKyppeHmHoie KkomnoHeHmeol! (RNN)
014 ynyqyweHusa Aokanusayuu.00HAaKo ocmaromcsa onpedesnéHHovle npobnemel:
modenu 2ny6okoeo obyvyeHus mpebyrom 60abWUX U PA3HOO6PA3HLIX Hab6opoe
OaHHbLIX U Mo2ym nepeobyvyamecs HA ¢PoHe uau Nab6OPAMOPHLIX YCAOBUAX.
lepcnekmueHblie HanpaeseHUsA pa3eUMUA 6KAKYAOM pa3pabomky néakux
modesneli 0515 nepugepuliHeix ycmpoiicme (Hanpumep, cMapme@oHoe unu OpoHoes),
obyyeHue ¢ ManeiM Konuyecmeom OdaHHbIX (few-shot, camoobyyeHue),
MynemumooasnbHele ceHcopHele cucmemsl (RGB+NIR), pedepamueHoe obyyeHue
0na  obecneyeHus  KOHPudeHyuanabHOoCMu, @ mMaKx#e  06bACHUMGII
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uckyccmeeHHolli  uHmennekm (Explainable AI), npu3eaHHuIli nomo2ame
¢pepmepam. Hacmosawuii 0630p paccmampueaem nocsedHue 00CMUMCEHUA 8
obnacmu ML/DL 0nsa esviAeneHus 3a6oneeaHuli pacmeHuli, o0606was
Memodosnozuu, ucnons3yemelie Hab6opsl OAHHbLIX, Kpumepuu OYeHKU U
nepcnekmuesi NpAKMUYecKo020 8HeOPeHuUs.

Knroyessie cnoea:
BeisieneHue 3060neeaHuUll  pacmeHul; [nybokoe oby4yeHue;, (Ce8epmoyHsie
HelipoHHble cemu (CNN); Bu3syansbHele mpaHcpopmepsi (ViT);, TpaHcgepHoe
obyyeHue; [lo2paHu4Hble  8blyucneHUs;  O6BACHUMbLIU  UCKYCCMBEHHbIU
uUHmesnnekm (XAI).
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