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Abstract: The new generations of exploring automated quality assessment of fruits and vegetables in
post-harvest processing based on machine vision, hyperspectral imaging and deep learning
applications. We examine the technical issues and challenges associated with the implementation of
such technologies in quality control systems and their role in achieving efficiency and sustainability.
They also pointed out the enabling role of Al IoT, and big data in scalable, low-cost robotic solutions.
This review highlights research gaps that need to be addressed and presents future directions for
optimization of automated systems for post-harvest food quality assessment through analysis of the
current state of research.
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1. Introduction

1.1. Background and Importance of Disease Detection in Horticulture

Horticulture plays a vital role in global agriculture, with crops like apples contributing
significantly to both the economy and food supply. However, apple crops face numerous diseases
that can reduce yield and quality, leading to economic losses. Apple diseases such as apple scab,
powdery mildew, and rust have historically been managed through chemical interventions, which,
while effective, have substantial environmental and health costs. Timely detection of these diseases
is crucial for minimizing the use of pesticides, improving crop yield, and enhancing food safety. As
such, there is a growing need for efficient, reliable, and automated systems for disease identification.
Traditional methods of disease detection, primarily based on visual inspections by skilled experts,
are time-consuming, labour-intensive, and prone to human error. The adoption of modern
technologies such as machine learning (ML) and deep learning (DL) offers a promising solution to
address these challenges.

1.2. Overview of Machine Learning (ML) and Deep Learning (DL) Applications

Machine Learning and Deep Learning: Basics: All these forms of artificial intelligence have
established compelling tools for agricultural disease detection, and apple leaf disease is one of them.
Dharm et al. (2019) [1] examined several apple diseases and their detection methods and suggested
that ML algorithms can be effective in automating their identification. They pointed out that used in
combination with ML algorithms, computer vision techniques could enable quicker and more precise
disease identification, which will decrease dependence on traditional inspection techniques that
require manual inspection. Convolutional neural networks (CNNs), a class of deep learning
algorithms, have gained remarkable progress in terms of classification performance recently. Zhang
et al. (2021) [2] deep learning model for apple leaf diseases and its performance was better than
traditional machine learning, and deep learning also provides more accuracy and less computational
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complexity. These findings indicate the potential of deep learning to become a key technology in
automated disease detection systems for horticultural crops.

AI methodologies and specifically machine learning have proved to be effective in identifying
and classifying diseases in real time for example with Al-Wasabi et al. (2022) [3]. Their study utilized
Al-based systems for the classification of apple leaf diseases and reported remarkable enhancements
in diagnostic accuracy. Their system ensured the detection earlier and accurately detection of diseases
affecting the apple crops by using sophisticated measures such as CNNs and other deep learning
models (Al-Wesabi et al., 2022). However, traditional ways of scanning plants can be really time-
consuming as it's practically impossible to do this for every single plant in a large field, outsourcing
to intelligent AI methods that can deliver the required accuracy with speed is the key here.

Kumar et al. As increasingly reported in more recent literature by Yan et al. (2022) [4], many
machine learning methods have also been studied, confirming again the dominance of ML and DL
models in the classification of diseases in apple orchards. Their review emphasized how these
approaches could be effectively employed to overcome challenges posed by large datasets and
complex disease patterns (Kumar et al., 2022). They focused on various types of ML algorithms for
example, support vector machines (SVM) and decision trees, that are widely used in plant disease
classification tasks. This amount of research emphasises the growing relevance and practical use of
ML and DL in contemporary agriculture.

1.3. Challenges and Research Gaps

Despite these promising results, there are various challenges in the application of machine
learning and deep learning methods for apple leaf disease detection. The major problem of disease
identification is due to several factors that can affect the appearance of the symptoms, with the main
factors influencing these data are related to some key issues such as environmental conditions, plant
age or the disease progression. So these variables hinder the creation of generalized models that can
generalize and have a good performance over varying orchards and geographical locations.
Meanwhile, limited access to large, high-quality datasets containing well-labelled diseased and
healthy samples of apple leaves remains as a substantial hindrance to model development and
evaluation.

CNNs have demonstrated phenomenal success in classifying diseases with outstanding
accuracy however, success is intimately connected to access to large annotation sets. This is frequently
a constraint in agricultural setups, as information acquisition can be a time-consuming and costly
process. The second issue is that training deep learning models is computationally intensive and
time-consuming. Furthermore, the deployment of these models in the field is usually limited in real-
time due to the requirement for proper hardware and infrastructure.

Additionally, although high accuracy of disease detection has been observed using Al methods,
methods that can explain or interpret the performance of these models are not yet well-established.
Making these Al systems explainable and intelligible to farmers is one of the widely accepted
requirements before their practical implementations for precision agriculture. This ability to interpret
is important for acceptance of these technologies, because only if the farmers trust the system by
understanding its suggestions, can they follow it and really improve their disease management.

Finally, future works should consider the challenges in designing models that can solve the
multi-class disease classification problem, where many different diseases are observed on the same
plant, and a model that can distinguish between the diseases accurately is required. Kumar et al.
(2022), which noted this as an area for significant improvement, proposed future research to include
multi-class classifiers to improve their capability to handle this complexity (Kumar et al., 2022) [4].
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2. Machine Learning and Deep Learning Techniques for Disease Detection

2.1. Traditional Machine Learning Techniques:

Conventional machine learning (ML) methods have been critical to the early detection of apple
leaf diseases based on hand-crafted features (e.g., texture, shape, and color). Using ML Models-
support vector machines (SVM) and k-nearest neighbours (k-NN), Singh and Gupta [5] (2018)
achieved good classification accuracy to distinguish between apple scab and Marssonina coronaria.
A broader outline of ML algorithms was provided in Sarker (2021) [6] along with their real-world
applications mentioning their interpretability, efficiency and relevance of ML algorithms in
agriculture-related domains. Meshram et al. (2021) [7] highlighted that traditional models with
limited access to annotated data are suitable for crop diseases with few annotated data, thus
reaffirmed that ML is a key component of agricultural innovation and specifically crop phenotype
disease growth prediction and precision agriculture. Sandhu (2021) [8] utilized traditional ML
methods such as logistic regression and random forest to detect diseases on apple leaves, thus
supporting the utility of classical machine learning methods in plant disease diagnostics. Though
effective and resource-efficient, their dependence on manual feature extraction and limited
adaptability in more complex cases doesn't suffice, hence driving the transition towards deep
learning solutions.

2.1.1. Naive Bayes:

When you use Naive Bayes, you will use, probabilistic machine-learning algorithms based on
Bayes' Theorem,; it is simple and powerful. Naive Bayes has efficient implementation and works well
on large data as well as small data, however, the assumption that the features are conditional
independent given the class-label, is not true in the real world but nevertheless they produce good
results. Naive Bayes is a popular classification method because it is fast, efficient, and works very
well on small data.
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An automated disease detection and classification of the apple, that is one of the most susceptible
crops to diseases like apple scab, apple rot, and apple blotch. The pre-processing stages are the most
vulnerable times to these diseases as they are usually not detected until post-processing, resulting
in major economic losses. The proposed methodology classifies the disease by means of texture
features using the Gray Level Co-occurrence Matrix (GLCM) followed by classification through
Naive Bayes class. The results show that classification model was able to classify without any
misclassification with an accuracy above over 96.43%. This demonstrates the accuracy, automation
in apple disease identification and potential of GLCM extraction and Naive Bayes in overall disease
management [9]. The application of the Naive Bayes algorithm to classify different apple fruit
varieties in a non-destructive manner for challenges faced in manual sorting such as high cost,
subjectivity, and inconsistency. Image acquisition segmentation, preprocessing, and classification
using Naive Bayes for apple varieties were encompassed in this research. The prototype system
developed in MATLAB had an accuracy of 91%, a sensitivity of 77%, a precision of 100% and a
specificity of 80%. Naive Bayes was found to be better than MLP-Neural, fuzzy and principal
components analysis by the comparison with other classification methods and on the accuracy.
According to the study researchers Naive Bayes is an efficient, non-destructive way of identifying
apple varieties [10]. The automatic detection and classification of apple diseases like apple scab,
Apple Rott and apple blotch that cause huge economic loss. This emphasizes the need for accurate
diagnosis prior to the implementation of management practices. A classification accuracy of 96.43%
was achieved using the proposed method featuring texture-based GLCM (Gray Level Co-occurrence
Matrix) extraction with Naive Bayes classification. We were then able to show that it is possible to
use this method for robust distinction between healthy and diseased apples, thereby providing an
effective means for early disease detection in apple production [11].

Again, another of research abstract on the application of Naive Bayes to apple fruit variety
classification as a solution to overcome high cost, subjectivity, and inconsistency in manual sorting.
The system, developed in MATLAB 2015a, performed image acquisition, pre-processing,
segmentation, and classification of apple varieties. The results revealed the accuracy of 91%, a
sensitivity of 77%, as well as the precision and a specificity of 100% and 80%, respectively. Naive
Bayes outperformed methods such as MLP-Neural, fuzzy logic, and principal components by
comparison. The study found that Naive Bayes is a simple, unharmful, but effective algorithm for
apple type classification [12].

2.1.2. Support Vector Machine (SVM):

The Support Vector Machine (SVM) is widely used supervised machine learning model for
classification tasks. It functions by identifying a hyperplane that separates different classes of data
points with the greatest margin. SVM works particularly well in high-dimensional spaces and is still
effective in cases where the number of dimensions is greater than the number of samples.

Discriminating for example, one of the tasks where SVM showed good performance was
discriminating diseased vs. healthy plant leaves based on the visual features. This could be trained
on texture, color, and shape features to classify apple leaf diseases, grapevine diseases, and citrus
plant infections, for example. Due to its generalization ability and robustness against overfitting, it is
an algorithm most suitable for small and medium-sized agricultural data.

a novel technique to classify apple leaves (healthy and diseased-rot leaves leaves) using more
on shape features based on two classification techniques, Gradient Boosting and Support Vector
Classifier (SVC). A total of 1813 apple leaf images were identified and divided into a 70% training set
and a 30% test set. The findings show that the new algorithm predicts better than traditional methods,
with Gradient Boosting hitting only 87% and SVC at 91% accuracy. Both techniques are compared
using a confusion matrix, which clearly illustrates the superiority of SVC. This classification is useful
to quickly identify diseased leaves to minimize the spread of infection, thus increasing crop yield.
The model is evaluated primarily against key performance metrics such as accuracy, precision, and
recall [13].
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Black rot and Cedar apple rust have affected apple yield every year. Its impact is tremendous
both on the apple industry as well as economy of the country. In this paper, we proposed a system
to identify diseases occurring in the infected apple leaves by integrating principles of machine
learning and image processing. This method is capable of classifying infected and uninfected apple
leaves efficiently. Preprocessing the image is the first step towards the identification of the figure,
several image processing techniques are involved here, such as the Otsu Thresholding Algorithm and
Histogram Equalization. The infected area is classified using the image segmentation to separate
regions, and a Multiclass SVM identifies the disease type from the original leaf image with 96%
accuracy among 500 images. It also shows that what portion of the total area of that diseased apple
leaf image [14] that is infected. Another focuses on the automated detection of three apple diseases—
Alternaria, apple black spot, and apple leaf miner pest—using image processing techniques. The
research employs Artificial Neural Networks (ANNs) and Support Vector Machines (SVMs) for
disease classification. After collecting leaf samples and capturing images under controlled lighting,
k-means clustering was used to identify infected regions in the images. Feature extraction followed,
and the results showed that SVMs outperformed ANNSs in terms of disease classification accuracy.
This approach offers a more rapid, cost-effective alternative to traditional manual disease detection,
especially in large farms [15]. Detection of leaf diseases is one of the biggest causes of crop loss in
agricultural countries such as India, where almost 70% of the population relies on farming.
Historically, disease detection has been reliant on the visual observations of agricultural professionals
and traditional methods, which are expensive and labour-intensive. An automated system is
proposed in this paper that utilizes image processing for the early detection of plant diseases to
increase total crop yield. The system uses RGB to HSV color space conversion and extracts the mean,
standard deviation of color features, and also a bitmap for local color features. Healthy areas (green
pixels) are masked to extract the features of texture, and then, K-means clustering is used for
segmentation. Then, the texture features are extracted by the Gray Level Co-occurrence Matrix
(GLCM). Then, trees are classified as diseased or healthy using a Support Vector Machine (SVM),
with precision and recall being used to evaluate performance. This provides a quicker, more cost-
efficient inspection method [16].

The challenge of identifying diseases in fruit, which takes expertise and experience. India is the
second-largest producer of fruits but manual inspection of fruits for any disease detection leads to
inconsistency and a lack of uniformity. As a case study, we introduce an image classification-based
approach for accurate disease identification, applied specifically to apple fruit disease detection.
Infected portions of fruit are detected using K-Means clustering segmentation, followed by feature
extraction of color, texture and shape-based features from segmented images. Healthy or infected
fruits are classified using Support Vector Machine (SVM), and a Multiclass SVM classifier is used for
the type of disease. This automated process enhances efficiency, accuracy, and consistency,
replacing manual inspection. In this way, we show that our approach can perform with a 99%
classification accuracy, as we can determine in the experimental results [17]. The other one deals with
leveraging computer vision techniques for automating the plant disease identification in agriculture
and horticulture. It demonstrates the necessity of early identification of plant diseases for proper crop
protection. Color and texture features of plant disease images are utilized to build algorithms. Those
features are utilized to train Support Vector Machine (SVM) and Artificial Neural Network (ANN)
classifiers. A method for the identification and classification of plant diseases is proposed with a
reduced set of features. These results demonstrate that the SVM classifier is superior compared to the
ANN, thus making it more appropriate for detecting and classifying plant diseases in agricultural
and horticultural crops [18].

2.1.3 K-Means Clustering:

In unsupervised machine learning, it is used to group unlabelled data into K clusters using data
points similar to the other points in the same cluster, the K-means clustering algorithm. K-means
algorithm. You initialize K centroids and assign a data point to the closest centroid (We have K
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clusters). In the case of agricultural disease detection, K-means clustering is widely used in the
segmentation of images, particularly to extract the affected part of the leaves of the plants. It aids in
distinguishing healthy leaf regions from diseased ones despite having color or texture under
preprocessing before classification. It is very simple and efficient for a large-scale image dataset in
precision agriculture.

The identification of leaf spot disease beginning on apple trees in Batu City, Indonesia with a
prominent apple industry. It has been noted that early diagnosis of this disease is very important for
the quality and quantity of apples. This would help in segmenting the infected and healthy leaves
from the images captured by a drone for the apple sorting process. The first stage converts images
from RGB to CIE Lab before applying the Perona-Malik diffusion filter over the reddish-greenish
component to extract noise. It is then segmented using a variational level set method. The
experimental results indicate that the proposed method segments the leaf spot disease well in most
of the test images.[19]. Machine Learning Algorithm-Based Classification of Apple Fruit Disease. An
Image Processing-Based Solution: The Death of Apple | Major Economic Loss in Agriculture. It is a
three-step process that involves (1) K-means-based image segmentation, (2) extraction of state-of-the-
art features from the segmented images and (3) classification of the images using Multi-class SVM.
The experimental results show that the preproposed method can increase the accuracy of disease
detection and classification considerably, achieving a 93% classification accuracy and providing a
reliable method for automating apple fruit disease diagnosis [20].

A different study's goal is to design a software solution using image-processing techniques for
automatic detection and classification of plant leaf diseases which will be cost-effective as compared
to expert observations especially in the developing nations Time series theory using statistical
methodologies via neural nets is an involved task typically consisting of four components, starting
with colour transformation of the RGB image of liquid manure (leaves) based on an independent
colour space (Part 1) and subsequent segmentation of the images (Part 2) through the K-means
clustering technique (segmenting pixels via a clustered pixel), subsequent calculation of the metrics
of the texture features in the segmented (infected segments) regions (Part 3) taken through a pre-
trained neural net for class assumption (Part 4). Testing was performed using leaf images from the
Al-Ghor area in Jordan, and promising results were attained with 93% precision in disease detection
and classification. According to the paper, the output showed that the neural network classifier was
able to learn features and was capable of classifying leaf diseases accurately, while K-means
clustering was able to segment RGB images effectively and hence could be used for deployment [21].

2.2. Deep Learning:

With automatic feature extraction and accurate classification from raw image data, deep learning
would certainly bring a revolutionary approach to plant disease detection. For a short note, if we
specifically consider apple leaf disease recognition, deep learning models, especially Convolutional
Neural Networks (CNNs), have outperformed classical methods in capturing complex spatial
features and learning disease-specific patterns directly from raw images of the leaves. Traditional
machine learning algorithms heavily depend on handcrafted features, while deep learning models
learn features and relationships in an incremental hierarchical manner through several layers that
help models generalize better and avoid oversaturation. In tasks with large datasets, where manual
analysis is not possible, these techniques become particularly useful. For example, deep learning
techniques-based frameworks have shown good performance in detecting multiple types of diseases
on apple leaves with different backgrounds, which becomes a powerful tool for disease management.
Several recent studies also improved the accuracy of models by employing architectures such as
enhanced feature fusion networks and a tuned CNN model used for agriculture datasets. Alongside
this discourse, Zhang et al. (2021) [22], Doutoum and Tugrul (2025) [23], Banja et al. (2025) [24],
Alsayed et al. (2021) [25], and Luo et al. (2021[26]), all of which confirm the applicability of deep
learning for classifying apple leaf disease but with different methodologies and model innovations.
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2.2.1. Convolution Neural Network (CNN):

In apple leaf disease detection, CNNs are critical in learning the complex patterns and textures
related to different diseases directly from leaf images. They remove the need for detailed feature
extraction and improve accuracy to a great extent. CNNs are well known method for agricultural
diagnostics [197] as it is robust, scalable and performs high accuracy even for subtle disease
symptoms.

Efficient apple leaf disease (ALD) identification in a wild environment using an enhanced
convolutional neural network, EfficientNet-MG. The model integrates both shallow and deep
convolutional layers by improving the traditional EfficientNet structure with the MSFF manner and
GELU activation function. This demonstrates the large advantage we obtained with our proposed
method when evaluated on the AppleLeaf9 dataset with 99.11% accuracy and a reduced parameter
size of 8.42 million from five classical CNN models. Consequently, EfficientNet-MG provides a
lightweight, accurate, and robust option for the identification of ALD in smart agriculture [27]. CNN-
based deep learning method for the automatic identification of leaves with cardiovascular diseases.
This model also fits data augmentation methods like zoom, rescale and horizontal flip, based on this
model and also the image basic processing for the clarity of patterning. The plant leaf images dataset
is used to train the CNN, where the loss function is categorical cross-entropy and the optimizer used
is Adam. For both of the training and screening stages, the model gives its accuracy of resolution,
supporting its validation for a system for the prevention of spoilers in real-time in agriculture [28].

Detecting diseases in the early stage in apple leaves to reduce damage to the plant health and
farm production. The apple-leaf classification model is an ensemble of several pre-trained models:
DenseNet121, EfficientNetB7, and EfficientNet NoisyStudent, separating healthy leaves and apple
scab, apple cedar rust, and different diseases. These images in association with image augmentation
techniques used to beef up the training corpus and further improve the accuracy of the model.
Identifying multiple detection-of-disease on the leaves via the validation dataset gave an accuracy of
90%, while the total proposed model gave an accuracy of 96.25% with the validation dataset [29]. This
architecture enables real-time and accurate detection of pests and diseases, thus making it possible
to be employed at a large scale in agriculture. Apple Leaf Disease Recognition by A CNN With
Hybrid Attention and BiLSTM. The ResNet18 architecture is designed along with the incorporated
hybrid attention module and an improved classifier structure to yield the AppleNet model.
Experimental results demonstrate that AppleNet can obtain a recognition accuracy of 94.66%, which
is 2.47% higher than ResNet18. The modifications are slightly increasing the additional training time
of the model, except ablation experiments validate that effective. The AppleNet outperforms other
advanced models with respect to recognition accuracy and training time as well. These results
underscore the promise of deep learning in rapid and smart plant disease identification [30].

The other method is an ensemble model combining pre-trained DenseNet121, EfficientNetB7,
and EfficientNet NoisyStudent together to identify diseases on the apple tree leaves. The model will
classify leaves into groups: healthy, apple scab, apple cedar rust, and multiple diseases. Dataset
augmentation using image processing methods for improving accuracy. It gives 96.25% accuracy on
the validation dataset and can also classify multiple leaf diseases at 90% accuracy. The method,
however, has shown significant results in different metrics and provides reliable early disease
detection and accurate plant health monitoring in agriculture [31]. The performance of
Convolutional Neural Networks (CNNs) on apple leaf disease detection in its early stage. The model
processes images through filtering, compression, and generation techniques, using data from the
Plant Village dataset containing both healthy and diseased apple leaf images to simulate a large
training set. The trained CNN model gives a remarkably high test accuracy of 98.54% across all
classes, which has great potential for early disease detection and proper disease management in the
apple plantations [32]. Deep Learning Based Model to Detect Diseases in Apple Trees Using
Multilayer CNN. Trained on the FGVCS8 dataset headlined in the Plant Pathology 2021 Kaggle
competition, the model exceeds performance over Decision Trees, Logistic Regression and Random
Forests in traditional machine learning algorithms. Our proposed CNN model with an accuracy of
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91%, a precision of 89%, a recall of 85% and an F1-score of 88.34%. These findings established the
advantage of deep learning compared with traditional methods in the early detection of plant
diseases, which is crucial to guarantee high production yield in agriculture [33].

Another CNN model for recognizing different apple leaf diseases including Scab, Black Rot, and
Cedar Rust from the free-access PlantVillage dataset, new to the public along with a confusion matrix
for better classification analysis. The used data augmentation techniques (shift, shear, scaling, zoom
and flip) to increase the dataset without the need for more images. Achieving an accuracy of 98% for
classifying, the proposed CNN also has a lower storage and computational need than existing deep
CNN models. This renders them especially appropriate for implementation on hand-held devices,
presenting an effective solution for the real-time detection of diseases in agriculture [34]. There is also
research based on deep learning and how it would be useful in agriculture, especially in plant disease
detection using leaf images. It examines the pre-processing methods, CNN architectures,
frameworks, and optimization algorithms utilized in previous studies. We also discuss datasets and
performance metrics for model evaluation and utilize this to conduct a comparative overview of
different strategies. The results showcase the pros and cons of various models and provide useful
references for researchers focusing on deep learning plant disease recognition and classification
problems. This survey is useful to help choose the right models for a given dataset and experimental
conditions [35].

an enhanced 15-layer Convolutional Neural Network (CNN) for apple leaf disease automated
detection and classification. The model utilizes a CNN base specifically for the Single Shot Detector
(SSD) algorithm, which improves the precision of the accurate identification of diseases. The
proposed model exhibited an accuracy of 96.62%, which was superior to the accuracy of other similar
models when benchmarked against AlexNet and ResNet-50 models, thereby providing a potential
solution for enhancing fruit quality and minimizing human error in disease detection [36]. On the
significance of precise diagnosis of apple leaf diseases to minimize yield loss and economic losses.
Apples are a vital crop, being rich in antioxidants and low in calories. But the diseases that take a toll
on them can cause huge economic losses. From image datasets, abundant information can be used by
computer vision applications as an effective tool to classify diseases accurately. Thus, this study
focused on a systematic review of the deep learning approaches modelled for detecting apple leaf
diseases by analyzing 45 articles published from 2016 to 2024, presenting the state-of-the-art of
current works, trends, and future research directions in apple leaf disease detection using DL
approaches[37].difficulties of fine-grained classification, unbalanced data distribution and color
distortion in the image acquisition environment challenge in both crop disease detection and crop
baking stage judgment tasks. Our proposed solution basically embeds a self-attention mechanism
inside the recurrent GAN to obtain higher levels of image perception and information capture. When
the self-attention module is included in CycleGAN, the model is able to better seize the internal
correlation from the image data. A new enhanced loss function is also proposed to improve the
model's performance. The experimental results have also greatly changed the image quality, in which
the peak signal-to-noise ratio increased by 2.13%, and 3.55%, respectively for tobacco and tea leaf
disease images, and the structural similarity index increased by 1.16%, 2.48% [38], another model of
Deep Convolutional Neural Network (DCNN) for detecting apple leaf diseases from PlantVillage
dataset. We apply image data augmentation and annotation approaches to improve the accuracy of
the model. This model (with an accuracy of 99.31% with minimal training time) outperformed all
other models (AlexNet, VGG-16, InceptionV3, MobileNetV2, ResNet50, and DenseNet121) listed in
Table 1. Moreover, the model showed a rapid testing period of 5.1 ms per image, making it capable
of real-time detection of disease. The model achieved higher precision, recall, and F1-score than other
models and Grad-CAM visualization was used to confirm the reliability of the model [39].

Table 1. Traditional Machine Learning Techniques with Accuracy, Advantages and Limitations.

Feature type

Algorith
gorithm used used

Accuracy | Advantages Limitations
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Another study highlights shortcomings of existing plant disease detection methods—like high
computational costs, low accuracy and dependence on expert knowledge—and proposes a neural
network (NN)-based system for detection of apple leaf diseases, specifically apple black spots,
Alternaria and Minoz blight. This technique is a combination of the use of image processing
techniques for extracting the features and using traditional NN to classify the features extracted. This
system is shown to achieve enhanced accuracy and efficiency as compared to the conventional
approaches that depend on handcrafted features and simplistic classifiers. Highly accurate and
competitive scores are reported regarding this solution, proving to be suitable for applications in
smart agriculture that require timely and accurate identification of each respective disease, as
supported by experimental results [40]. An enhanced version of the AlexNet architecture, a CNN
model with a lightweight structure but with high accuracy, to identify five diseases of apple leaves.
Notable innovations are dilated convolution for enlarged receptive fields with fewer parameters,
parallel convolutions for multi-scale feature extractions, and a shortcut connection using 3x3
convolutions to deal with nonlinearities. Channel attention mechanism improves channel feature
representation while reducing the influence of background noise. Also, instead of fully connected
layers, global pooling is used to keep the features intact but shrink the model. With a recognition
accuracy of 97.36% while occupying 5.87 MB, the proposed model outperforms five others in terms
of robustness and suitability for resource-constrained applications [41].

Tugrul et al. (2022) describe 100 studies on the detection of plant leaf disease through the use of
Convolutional Neural Networks (CNNs). Their paper emphasizes the power of CNNss for early and
accurate disease detection, and more generally for precision agriculture based on image data.” It
addresses issues like species separation and lack of data, and compares different CNN architectures,
stating that Deep-CNNs (DCNNSs) are the most effective. The review also lists CNN strengths—
automation, scalability—and weaknesses like intensive data and compute demands. Future
directions involve applying the learning on more lightweight-CNN structures, hybrid models, and
ensuring diverse datasets to further its practical deployment in agriculture [42]. Liu et al. developed
a deep convolutional neural network based on a modified AlexNet to detect four common apple leaf
diseases (Mosaic, Rust, Brown spot, and Alternaria). The model was trained on 13689 images,
achieving an accuracy of 97.62%, while reducing more than 51 million parameters compared to
regular AlexNet. They also applied synthetic image generation for robustness, yielding a 10.83%
performance gain. High accuracy and fast convergence of the model indicate its usefulness in
practical disease control applications for apple cultivation [43]. A two-stage deep learning-based
system to detect apple-leaf disease in real-time from a dataset including ~9,000 expert-annotated RGB
fungal-infected leaf images covering major foliar diseases. The first stage uses a lightweight
classification model to classify leaves as healthy, diseased or damaged, and the second stage,
activated only when a disease is present, localizes the disease symptoms. Both models utilize transfer
learning and data augmentation methods such as rotation, noise, and cut-out to increase robustness
and prevent overfitting. It was reported that the system was able to detect diseases with an accuracy
of 88% and a mean Average Precision (mAP) of 42% and was able to identify diseases even on small
spots, which shows the potential of this system to be used as a practical tool for farmers [44].

Plant disease detection and classification using image analysis, specifically using involution
neural network and self-attention mechanism, on several crops such as apple, grape, corn, etc. The
method is based on visual characteristics influenced by various pathogens and uses digital leaf
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images from the PlantVillage dataset. This model, in contrast to crop-specific models, can generalize
across 8 crops comprising a total of 23 disease classes. This approach reduces reliance on expert
diagnosis and manual pathogen analysis, providing a much more robust and scalable solution.
Experimental results demonstrate its effectiveness with an average classification accuracy of 98.73%
(k= 98.04) compared to other comparative methods [45]. There is also a model based on ensemble
modelling for thoroughly and automatically detecting apple leaf diseases to help monitor large areas
of farms and minimize economic loss by maintaining better health of crops. This ensemble contains
DenseNet121 and EfficientNetB7; NoisyStudent EfficientNet to classify leaf images into four classes:
healthy, apple scab, apple cedar rust, and multiple diseases. Multiple image augmentation methods
were performed over the dataset to diversify, which in turn helped in increasing accuracy. On the
validation set the model reached 96.25% for accuracy and detected leaves of plants with different
diseases with an accuracy of up to 90% which suggests that this method can effectively be used for
actual deployment in agriculture [46].

In order to address the shortcomings in the speed and accuracy of traditional detection methods,
the second research work proposed research on a high-precision apple leaf disease detection method
based on the optimized Faster R-CNN. Improvements were made to multi-scale feature extraction by
integrating Res2Net and a feature pyramid network in the process, advancing RoIPool to RolAlign
to enable precise extraction of proposals, and soft non-maximum suppression was applied to
extracted proposals for precise target detection. Experimental results on an annotated apple leaf
disease dataset show that the average precision of the proposed model reaches to 63.1%, which
outperforms the existing traditional object detection methods. This method has great practical value
in real-time agricultural disease monitoring [47]. The accuracy of CNNs for the to-early disease
classification of apple leaves, which is quite difficult even for experts. The researchers expanded the
dataset and optimized training using image filtering, compression, and generation techniques on the
PlantVillage dataset, which consists of 2,561 labelled images. The CNN model showed a high overall
accuracy of 98.54% with good performance on all the different disease and healthy classes. The
findings further validate the system as a trustworthy tool for the early detection and prevention of
disease in apple farming [48]. VGG16-based model for identification of apple leaf diseases (scab,
frogeye spot, and cedar rust). The model adopts a global average pooling layer to substitute the fully
connected layer, which helps reduce parameters, and inserts a batch normalization layer to improve
the convergence rate. Transfer learning is used to reduce the time required for training. The proposed
model has an accuracy of 99.01%, accounting for an 89% reduction of model parameters and a 6.3%
increase in recognition accuracy compared to classical VGG16. It is a faster and more accurate
solution for apple leaf disease detection [49]. New method for the identification of diseases in apple
tree leaves using a CNN-based Inception-v3 model. It uses Canny edge detection and watershed
transformation on the given image to get accurate segmentation of the image resulting in better
recognition of the diseased parts. Use of real-world collected data also makes the model more
relevant in real-world application scenarios. The model was implemented through exploratory data
analysis and stratified 5-fold cross-validation which resulted in a precision of 84.60%, recall of 87.40%,
Fl-score of 85.00% and accuracy of 94.76%. The above results showed the effectiveness of this
approach in apple leaf disease classification, outpacing current state-of-the-art [50].

The difficulty lies in diagnosing and classifying apple crop diseases in remote areas with limited
internet connectivity. In particular, it suggests a lightweight Deep Neural Network (DNN)-based
solution that would also run on edge devices including mobile phones, Raspberry Pi, and Jetson
Nano. Several DNN models (such as Basic CNN, AlexNet, and EfficientNet Lite) were used to
evaluate various performance metrics, efficiency, and resources. With transfer learning, the best-
performing model, EfficientNet DNN, has been chosen with a test accuracy of 85%. This solution also
leads to an economical and comprehensive tool for farmers from developing regions to monitor
crops in terms of health without demanding heavy computations [51].

Identify apple leaf disease at an early stage using CNNs. The model uses image filtering,
compression, and generation techniques to augment a dataset of healthy and diseased apple images
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provided by the Plant Village dataset. The trained CNN model, with an accuracy of 98.54% on the
dataset, provides the identification of all diseased and healthy samples on the basis of 2,561 labelled
images and can create a useful system for early disease detection in apple trees [52]

Another study, however, has found that early, accurate detection of apple leaf diseases can help
reduce yield loss and economic loss. Apples are among the most common fruit trees and important
fruits, and they are highly susceptible to diseases that affect their production. Deep learning
approaches combined with large public image datasets have become powerful tools in computer
vision applications for the detection and classification of diseases. A total of 45 published papers
(2016-2024) were systematically reviewed, focusing on the state of the art and existing opportunities
in apple leaf illness detection and classification [53].

The introduction to Federated Learning (FL) and how it works with the Internet of Things (IOT).
FL tackles important issues including privacy of data, bandwidth restrictions, and device
heterogeneity, which are essential in metadata scenarios. Specifically, this paper discusses the reasons
why IoT devices should move to adopt FL, the techniques that allow it to do so, the challenges in
IoT, and the various applications in which FL is showing to be useful. It also reviews potential future
research directions and open issues, serving as a roadmap for advancing FL in the context of IoT [54].

Ripe apple detection and the ability to reach the fruit without obstacles are needed for robotic
harvesting in vertically trained tree modern orchards. Machine vision, employing a low-cost Kinect
V2 sensor, was established to detect, and the filtering of background objects was performed with
respect to depth features, respectively. Day and night images were collected at the Scifresh apple
orchard, which had dense foliage. To detect Original-RGB and Foreground-RGB images, two Faster
R-CNN-based architectures were used, namely ZFNet and VGG16. Results indicated that the best
mean average precision (AP) was 0.893 (with VGG16) for Foreground-RGB and a 2.5% increase in
accuracy of fruit detection with respect to the Original-RGB images. The results indicate enhanced
accuracy of detection with a depth filter with minimal compromise to speed. This approach can be
useful for robotic harvesting in fruiting-wall apple orchards [55].

The present study used convolutional neural networks (CNN) to investigate the effectiveness of
transfer learning for the early detection of apple scab. Although datasets of infected fruits and leaves
were obtained, system data acquisition was slow and time-consuming, as the appearance of scab was
inconsistent and appeared at different times. To mitigate these challenges, transfer learning is
employed, improving the efficiency of model training. It compared learning from scratch with
transfer learning, passing the data through statistical analysis to quantify the effect. The results
indicated that transfer learning significantly improved the model performance, and transfer learning
is a more effective method for apple scab detection and supported the trend of smart horticulture for
increasing production while reducing the use of pesticides [56].

Agriculture-based economy (Data Ratings): India being an agriculture-based country, depends
on Agriculture for nearly 80% of the rural population. While advances have been made in developing
agricultural machinery and soil analysis, technology still needs to improve crop yield and enhance
disease identification and the efficient use of pesticides and fertilizers. Apple, a main crop, suffers
from many diseases that can decrease yield. Timely detection and treatment can lead to greater crop
yield, lower expense, and more affordable apples for all the entire population. A tailored deep
convolutional neural network (CNN) is proposed in this study to identify foliar diseases in apple
trees based on leaf images. The dataset includes 3642 images of apple leaves from four categories
(i.e., Healthy, Multiple Disease, Rust, and Scab). CNN at 30 epochs reported accuracy scores of 0.9376
and 0.9290 on the train and validation sets respectively. These results suggest that the model can
accurately predict foliar diseases in apple leaves. This model can also become part and parcel of a
mobile application as well as of IoT devices for automatic disease detection in apple gardens in the
modern era [57].

Smart and precise horticulture aims to improve yield and product quality, decrease pesticide
use, and ultimately enhance food security on our planet. This research is on detecting apple scab in
the initial stages with the help of mobile phones and artificial intelligence, i.e., convolutional neural
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networks (CNN). Two data types were collected both_images from_scab-infected fruits and leaves
from apple trees. As data acquisition is often of high dimensionality and time-consuming, and scab
appears as a probabilistic, and not deterministic, process, transfer learning was applied as an efficient
training method. The best datasets for apple scab detection in transfer learning were determined in
this research along with their effect versus training from scratch. Statistical analysis confirmed that
transfer learning substantially enhanced the performance of CNN, with a significance level of 0.05
[58]. As the fourth most produced fruit worldwide, apples are important in agriculture, but
recognizing diseases of apples is a major issue, causing economic losses and food safety problems.
They proposed the Dual-Branch Model for complex spatio-temporal graph time series (DBCoST),
which integrates Convolutional Neural Networks (CNN) and Swin Transformer. CNNs learn local
features, while transformers learn global information, combining the best of both worlds. The
features fusion module (FFM), which uses the residual module and the improved Squeeze-and-
Excitation (SE) attention mechanism, is proposed to further effectively fuse and retain local and
global information. The model also deals with difficulties such as overlapping apple branches and
leaves, as well as occluded fruits, all of which complicate spot diseases. Experimental results
demonstrate DBCoST achieves superior accuracy (97.32%), recall (97.33%), precision (97.40%), and F1
score (97.36%) compared to other models, with maximum disease-specific accuracy exceeding 96%
for each category. This model signifies superior performance in confirming apple leaf diseases and
achieving balanced accuracy [59]. Fruits are an important part of our daily diet, but diseased fruits
pose a great risk to human health as well as to the Farmer's economy. The CNN model in this study
is developed to identify diseases of apple fruit using the PlantVillage dataset. Especially after testing
configurations, the proposed model is shown in Figure 2 and consists of three convolution layers and
three max pooling layers followed by two densely connected layers. Additionally, more conventional
machine learning algorithms, along with the pre-trained models VGG16 and InceptionV3, were
examined for comparative purposes. The results indicate that the proposed CNN model surpasses
the state-of-the-art pre-trained models and traditional methods in terms of accuracy, specificity, F1
score, AUC-ROC curve, and execution time. With a state-of-the-art accuracy of 99% while utilizing
only 20% of the space of pre-trained models and performing inference in less than 1 second, while
pre-trained models demand a minimum of 30 seconds [60]. Conventional approaches for leaf disease
classification depend on hand-crafted features such as color and texture, which might not capture
discriminative characteristics. To address these shortcomings, deep learning models like VGG and
ResNet have been utilized in which spatial attention has yet to be incorporated to detect the correct
regions, the so-called diseased lesions on the leaves. Yu et al. introduce here a new architecture based
on a Region-of-Interest-Aware Deep Convolutional Neural Network (ROI-aware DCNN) to promote
feature discriminability and hence, improve classification performance. The model is divided into
two subnetworks, the ROI subnetwork for extracting features from the leaf and diseased areas and
the classification subnetwork for enhanced accuracy. Here, the ROI subnetwork is trained on a new
image set, where background, leaf, and disease areas are to be segmented. The two subnetworks are
subsequently connected and trained in an end-to-end manner. Experimental findings prove that the
ROI-aware DCNN model achieves better accuracy (discriminative power) and classification
performance than conventional models such as VGG, ResNet, and SqueezeNet for detecting leaf
diseases [61]. They are widely grown but very prone to disease, so early reporting is important to
prevent damage. CKD is critical in the production process for fruit trees such as apples. The dataset
used in the study is called Plant Village, which contains healthy and infected images of apple leaves.
The training dataset was optimized using various image filtering, compression, and generation
techniques. The CNN model obtained a high overall accuracy of 98.54%, successfully classifying
different classes of disease based on a total of 2561 labelled images [62].
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Diseases of Apple trees have long been a threat to orchard farmers, and deep learning-based
approaches are the emerging solutions for detecting such diseases. In this paper, a DF-Tiny-YOLO
model is proposed to generate a deep learning-based target detection system to detect apple leaf
diseases quickly and accurately. Those changes include: the DenseNet-based feature reuse strategy
to enhance feature propagation and detection accuracy; Resize and Reorganization (Reorg) to reduce
computation and enhance feature fusion, and a 1x1 and 3x3 convolution kernel structure for
dimensionality reduction. Based on the evaluations on 1,404 images corresponding to four common
apple leaf diseases, it can be seen that DF-Tiny-YOLO had a mAP of 99.99%, an intersection over
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union (IoU) of 90.88% and a detection speed of 280 FPS. It performs better than the Tiny-YOLO and
YOLOV2 models and gives a quick and effective solution for disease identification [63]. Employing
Convolutional Neural Networks (CNNs) for automatic detection and classification of diseases,
nutrient deficiencies, and herbicide damage on an apple tree leaf image. The aim is to eliminate
dependency on any one expert, an approach that has cost and scale limitations. CNNs were trained
on a newly established dataset containing six known disorders spanned by 2,539 images. These
revealed their ability to match or exceed experts for disease and damage detection, with the CNN
model producing an accuracy of 97.3% over a hold-out set [64]. A method for effective classification
of common apple leaf diseases, specifically Mosaic, Rust, Brown spot, and Alternaria leaf spot using
deep CNNs (Convolutional Neural Networks). Using complex image preprocessing and without
guaranteeing high recognition rates, existing research has limitations that the proposed method
overcomes. Using a dataset consisting of 13,689 images of diseased apple leaves, the model is trained
to detect these diseases. (Here, the model achieves an overall accuracy of 97.62% from the
experimental results, while the model parameters are reduced by 51,206,928 compared with the
standard AlexNet.) It also shows the effectiveness of the model on disease control with high accuracy
achieving even faster convergence with a 10.83% accuracy improvement when generating
pathological images [65]. A Multi-model LSTM-based Pre-trained Convolutional Neural Networks
(MLP-CNNSs) based model to identify plant diseases and pests, mainly focusing on apple trees. Such
as the hybrid model in this case, built by Long Short-Term Memory (LSTM) networks along with pre-
trained CNNs like AlexNet, GoogleNet, and DenseNet201 to extract features using transfer learning.
Then, the extracted deep features are passed into the LSTM layer to build a robust detection model.
The final class labels are obtained by applying a majority voting classifier arriving from individual
predictions at the three LSTM layers. It consists of 29 different apple disease and pest image datasets
from Turkey, and the performance of the model is measured, showing that the ensemble model
provides comparable or better results than other pre-trained deep architectures [66].

A deep learning method for real-time detection of five common apple leaf diseases: Alternaria
leaf spot, Brown spot, Mosaic, Grey spot, Rust. A novel apple leaf disease dataset (ALDD) based on
data augmentation and image annotation is presented. Improving the convolutional neural network
model, the INAR-SSD is proposed by adding the GoogLeNet Inception structure and Rainbow
concatenation. The INAR-SSD model detects 78.80% on a hold-out testing dataset from a dataset of
26,377 images, which demonstrates the model’s capability for effective apple disease detection [67].
The study introduces a refined VGG16-based model that focuses on detecting three prevalent
diseases affecting apple leaves, namely: scab, frogeye spot, and cedar rust. Instead of a fully
connected layer it replaces it with a global average pooling layer which reduces the number of
parameters and faster convergence by adding one batch normalization layer. Transferred learning is
implemented to reduce training time. The experimental results indicate that the advanced model can
superiorly hit an accuracy of 99.01% while saving 89% of model parameters, 6.3% of accuracy, and
0.56% of training time in contrast to the original VGG16. This model provides a more effective and
precise way of identifying the disease in apple leaves [68]. A new convolutional neural network
(CNN)-based approach for diagnosing and classifying diseases in apple leaves. Overall, the model is
designed to achieve a high level of accuracy in sea-full detection, despite its smaller dataset size,
leveraging contrast stretching pre-processing and (FCM) clustering. The model achieved 98%
accuracy with 400 apple leaf images used in training and validation (200 healthy, 200 diseased). The
system's capacity to archive such high-performance rates, using such small quantities of data is due
to the novel pre-processing and clustering methodologies employed, providing a more efficient
alternative for the identification of apple leaf disease[69], Fast and Accurate Model for Detection of
Apple Leaf Diseases DF-Tiny-YOLO: A Deep Learning-Based Model for the Fast and Accurate
Detection of Apple Leaf Diseases It uses DenseNet as its backbone to reuse features to improve the
feature propagation and detection accuracy followed by Resize and Reorg and convolution kernel
compression to optimize the models. The model was evaluated on 1,404 images with mAP: 99.99%,
IoU: 90.88%, and a detection speed of 280 FPS. DF-Tiny-YOLO achieves a great improvement in the
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accuracy and speed of detection compared to Tiny-YOLO and YOLOv2 [70]. A deep learning-based
convolutional neural network (CNN) involving the use of batch normalization for the classification
of plant diseases, with the objective of creating an automatic diagnostic system for leaf diseases. The
proposed model is end-to-end capable, accurate, inexpensive, and also user-friendly in terms of
disease detection with leaf images. Using a public dataset of 20,654 images of 15 plant diseases, the
model produced a testing accuracy of 96.4%, with an associated testing loss of 0.168, showing that it
is well suited to multiclass plant disease classification generalization and has applications in real-
world agricultural systems [71].

Multiclass apple classification model using pre-trained DenseNet121, EfficientNetB7, and
EfficientNet NoisyStudent in Keras: An ensemble to classify apple tree leaves into healthy, apple
scab, apple cedar rust, or multiple diseases Dataset augmentation technique is used in this model to
increase the accuracy. On the validation program of a dataset, the output showed an accuracy of
96.25% and the accuracy for multiple disease leaves was observed as 90%. The proposed model shows
good performance in multiple metrics and is likely to play an important role in the timely and
accurate detection of plant disease in the agriculture sector [72]. A novel Faster R-CNN approach to
apple leaf disease detection, fixing certain drawbacks of traditional methods. They combined
Res2Net with feature pyramid networks and replace RoIPool with RoIAlign to improve the accuracy
of extraction from candidate regions. Moreover, soft non-maximum suppression is utilized for
accurate detection. The proposed better technique scored results of average precision of 63.1% thus
scoring better than other object detection methods. Experimental results showed that this approach
provides a suitable option for apple leaf disease recognition and can be used in real agriculture [73].

2.2.2. Deep CNN Models:

Deep Convolutional Neural Networks (Deep CNNs) have been refined with new architectures,
such as ResNet, MobileNet, V-Net, BAMNet, and HASS-Net, that exploit abstract spatial hierarchies
present in images and have been utilized for apple leaf disease detection. The residual connections
in ResNet enable deeper networks to be trained by addressing issues related to vanishing gradients,
thus making it suitable to be trained on a large-scale dataset comprising of leaf images. For this
reason, they chose MobileNet for our real-time field monitoring system since it is designed for
efficient computation on mobile and edge devices, balancing between accuracy and resource
consumption. In particular, V-Net and BAMNet improve image segmentation and classification,
respectively, of leaf diseases by leveraging new attention mechanisms and multi-scale feature fusion,
further enhancing the accuracy and robustness of detection. HASS-Net incorporates hybrid attention
mechanisms that allow the extraction of more specialized features which further enhance the
accuracy of the disease detection. These models greatly cut down on the human intervention required
at this stage which serves as a timely intervention in the detection of diseases and allows better
management of crops. Inferring their effectiveness is necessarily subject to the quality of training data
and the computational resources deployed to implement them.

A novel approach that uses ResNet50-based Deep Learning Convolutional Neural Network
(DLCNN) and Ant Colony Optimization (ACO) for apple leaf disease detection. The approach
provides better feature extraction and selection, thus resulting in better performance than other
methods. The model has been exhaustively tested on an indigenously built dataset showing its
efficacy. This can act as a trustable solution for precision farming of apple orchards and ultimately
contribute to the quality and quantity of crops [74].

The rapid development of deep learning has been beneficial to the automatic detection of apple
leaf disease, however, the large number of model parameters and time-consuming annotation in the
commonly-used deep learning algorithms have become the butt of criticism. MobileNet and
DeepLabv3+ were implemented in the first stage of leaf segmentation with a precision and MIoU of
99.40% and 99.20% respectively. In the second stage, by utilizing channel and spatial attention to
enhance feature extraction capabilities in disease spot segmentation, the accuracy can be achieved
with 98.66% under supervised learning and 96.56% under semi-supervised learning using 40%
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labelled data. The 22MB model is deployed on a WeChat mini-program to support efficient and
reliable disease detection for agricultural practitioners [75]. Automatically Monitoring System of
Codling Moth Detection Based on Smart Trap and On-Site Analytical Model. For rural deployment,
the trap only transmits detection results, effectively saving energy. Using 430 labelled sticky pad
images (8142 moths, 5458 other insects and 8177 objects) the model reached >99% accuracy. This
system facilitates the sustainable production of apples, as well as tailored pest management [76].
Machine and deep learning models for apple leaf disease classification (leaf healthy, grey spot, black
star, cedar rust). The researchers then combined image segmentation with an SVM classifier using
state-of-the-art CNN architectures like ResNet and VGG. Maxi-VGG-364 yielded the second highest
accuracy of 95% in another pasta study that proposed a pathology detection system. ResNet-18
achieved the highest accuracy of 98.5% among the models, with fewer layers, showing good
performance in disease identification [77]. One such approach is to develop a modified deep learning
model to classify apple leaf diseases by combining the Convolutional Block Attention Module
(CBAM) with the ResNet-101 architecture. Our proposed ResNet-101+CBAM model shows superior
accuracy in diagnosing the four types of diseases, including 'Brown spot’, 'Grey spot', 'Health', and
'Rust' over the previous ResNet-101 baseline. While the benefits were minimal for 'Powdery mildew'
due to the garment's features being similar, effective operations improved total performance,
confirming the model's application ability in precision agriculture [78].

an Al model for apple leaf disease detection which is named as 'Orchard Guard', by using
transfer learning with models such as AlexNet, DenseNet121, ResNet-50, and MobileNetV2.
Hyperparameter optimization was done on the MobileNetV2 model, and the best model when
applied on 3175 images of 4 classes (Apple Scab, Black Rot, Cedar Rust and Healthy) had an accuracy
of 99.36%. The system has realistic potential for amenity disease control in the field [79]. MCDCNet:
A Multi-scale Constrained Deformable Convolution Network for Detecting Apple Leaf Diseases with
Different Scales and Deformable Geometries. To improve the discriminability of features, a dual-
branch convolutional structure is used and introduces geometry-sensitive detection with deformable
convolutions with offset intervals. Feature fusion module: combine outputs for robust classification.
MCDCNet since it achieves 66.8% accuracy, surpassing the SOTA models by a margin of 3.85% on
complex natural environments [80]. A deep learning-based segmentation model that used
DenseNet121 ImageNet weights + added a top layer that improved apple leaf disease detection.
Similar visual symptoms contribute to this challenge in early detection. This method reaches a high
accuracy of 99.06% for the exact identification of the diseases of the apple compared with classical
ML models of Seg+DenseNet121 [81]. BAM-Net, a ConvNext-T-based deep learning model with
bilateral filter MSRCR preprocessing step and aggregate coordinate attention for complex orchard
apple leaf disease identification. To enhance disease feature discrimination, they incorporate a multi-
scale feature refinement module (MFRM) into our model. Based on the BAM-Net accuracy of 95.64%
on a custom dataset, BAM-Net validated strong generalization performance on PlantVillage data,
demonstrating the robustness of BAM-Net in crop disease detection scenarios [82]. In their model
processing, another study proposes an advanced object detection model called HSSNet, specifically
developed for tiny targets, especially tomato and apple leaf diseases, under complex natural
conditions. The model is built on YOLOv7-tiny architecture and employs H-SimAM attention
mechanism to emphasize on foreground, SP-BiFormer Block to enhance tiny target detection
performance, and SIOU loss to decrease prediction deviation. On the TTALDD-4 dataset, HSSNet
surpassed standard detectors not just in accuracy (mAP: 85.04, AR: 67.53) but also in speed (83 FPS),
making it a real-time solution for accurate apple leaf disease detection [83]. Using the EfficientNet-
B0 architecture, but changing the depth-wise convolutions to groups of convolutions to help correctly
identify patterns in leaf images. As a result, it overcomes the limitations of traditional deep learning
models and shows outstanding performance with 100% accuracy both in training and testing while
exhibiting incredible generalization and detection ability [84].

The proposed method is a lightweight CNN model that has a high computational demand issue
and also overfitting. Using PlantVillage data and augmentation techniques, the model accurately
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predicts Scab, Black rot and Cedar rust with a 98% success ratio. Its fewer layers and lesser storage
needs make it suitable for deployment on resource-challenged devices like mobile phones [85].
BCTNet, for instance, was the second architecture that was then used for multi-scale apple leaf spots
detection in natural environments. It uses a Bole convolution module, a cross-attention module and
a bidirectional transposition feature pyramid network to improve the extraction of high-level feature
maps and low-level feature maps and reduce interference from background. It reaches 85.23%
accuracy and a detection speed of 33 FPS. The proposed method exceeds the performance of existing
models and can lead to the automation of apple disease detection and optimized pesticide usage.
This data can be found on [86], available on GitHub. There are also lightweight deep learning models
to detect apple leaf diseases in natural surroundings. The structure of YOLOX-Nano is further refined
with several advanced techniques, such as asymmetric ShuffleBlock and CSP-SA module for
enhanced feature extraction and blueprint-separable convolution (BSConv) to improve parameter
utilization. The YOLOX-ASSANano model with only 0.83 MB parameters deserves 91.08% mAP in a
custom multi-scene apple leaf disease dataset and 58.85% mAP in the PlantDoc dataset at a speed of
122 FPS. The fast and real-time apple disease detection provided a practical implementable solution
and it may also be applicable for other plant diseases [87].

Another paper suggests a novel ResNeXt depth model for the detection of fungal diseases of
apple crops. Transfer learning approaches, namely Inception-v7 and ResNet, were implemented with
the dataset consisting of 9395 images with four disease types. But those models were not sufficient.
As for the submitted ResNeXt model, with improved preprocessing and segmentation, which assists
in dealing with imbalanced data and focusing on the area of the disease, it yielded an accuracy of
98.94%, recall (99.2%), precision (99.4%), and F1 score (99.2%). A study indicates DL techniques can
be utilized in early crop disease detection to improve the yield and quality [88].

2.2.3. Region-Based Convolutional Neural Network (R-CNN):

R-CNN (Regions with Convolutional Neural Network) is based on the implementation of two
deep learning practices (region proposal networks and CNN) for object detection. It generates
prospective regions, classifies them, and refines object localization. The accuracy of object detection
and localization is likely to improve significantly through this way, even in agricultural disease
detection tasks.

Detection of Apple Leaf Diseases Using Faster R-CNN With a Combination of Feature Pyramid
Networks and Multiscale Feature Extraction to Improve the Detection Performance for Small Objects
in a Complex Background. It adopts Res2Net and promotes feature pyramid networks for effective
feature extraction and replaces RolPool with RolAlign to enhance region accuracy. Soft non-
maximum suppression for additional detection refinement. The method provided a 63.1% mean
precision, better than other object detection methods. The findings underscore its promise for
practical applications in agriculture, providing an accurate and efficient method for detecting and
managing apple leaf disease [89]. A Hybrid Contrast Stretching Method for Real-time Apple Leaf
Disease Classification System. Infected areas are detected by the MASK R-CNN, and features are
extracted by pre-trained CNN models. This paper proposes a new feature selection method, it is
called as Kapur's entropy with MSVM (EaMSVM) for classification. On applying the ensemble
subspace discriminant analysis (ESDA) classifier based on the Plant Village dataset, the system
accuracy results reached 96.6%. The outcomes illustrate the performance of the recommended
authorship verification framework in relation to previous methodologies [90].

a multi-class apple detection method based on the Faster Region-Convolutional Neural Network
(Faster R-CNN) on dense-foliage fruiting-wall trees. Their approach can classify apples into four
classes: Non-occluded, Leaf-occluded, branch/wire-occluded, and fruit-occluded. On 800 images
augmented to 12800, the mean average precision scores were 0.909, 0.899, 0.858, and 0.848 for each
category respectively, and an overall metric of 0.879. Results showed that the process on average
consumed 0.241 seconds, thus providing a solid solution to reach effective fruit detection, while
enhancing optimal robotic picking strategies through its implementation [91,92].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.1050.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 May 2025 d0i:10.20944/preprints202505.1050.v1

18 of 45

2.2.4. Transfer-Learning:

The simple explanation for transfer learning is, a machine learning model developed for a
specific task can be reused as the starting point for a model on a second task. It uses previously trained
models, adapting them for the task with a relatively small dataset. For example, in agricultural
disease detection, it facilitates the use of large image dataset-trained models in customized
applications, such as leaf disease classification.
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Figure 5. Working of Transfer learning.

In this study, they propose a deep learning based multi-class classification model called
AppleNet for real-world apple leaf disease classification. Using transfer learning, the ResNet-50
model, pretrained on ImageNet, was used to extract visual features corresponding to a novel dataset
consisting of 2,897 images acquired from natural images accompanied by background noise
conditions, of specific apple cover surfaces. This results in increased robustness while reducing
training costs. The classification accuracy attained by AppleNet was 96.00%, which surpassed the
performance of other pretrained and baseline models by an average margin of 21.54%. In precision
horticulture, the model performs excellently well as it detects plenty of apple diseases based on color,
texture, and shape [93].

In a study, we proposed a Fine-tuned EfficientNetB3 for early recognition of eleven apple foliar
diseases using a dataset of 23,187 RGB images. The EfficientNetB3 model surpassed on precision,
recall, accuracy, and F1-score compared with InceptionResNetV2, ResNet50, AlexNet, and VGG16—
all fine-tuned adding extra layers. The model yielded 86% precision, 88% recall, and 86% F1-score at
32 batch sizes and 10 epochs with Adam, SGD, and Adagrad optimization. This method allows for
accurate, rapid diagnosis of foliar diseases, aiding in sustainable apple crop management and
improved yield [94]. A reliable deep learning-based framework for plant leaf disease recognition by
taking advantage of a combination of transfer learning along with handcrafted features. The first is
to extract a deep feature descriptor and then fuse it with the traditional local texture features for better
representation. Hence, centre loss is used to learn feature discriminability by minimizing intra-class
and maximizing inter-class variations. The proposed method has validation on two Apple Leaf
datasets and one Coffee Leaf dataset showing classification accuracies of 99.79%, 92.59%, and 97.12%,
respectively. The achieved results ascertain that the framework is capable of capturing fine-grained
features that can be used for the accurate identification of plant diseases [95]. There are also studies
that present a methodology for apple leaf disease classifications based on a transfer learning approach
by adopting the EfficientNetV2S architecture. The model captures deep features and makes accurate
predictions through a classifier block. While the class imbalance is taken care of with runtime data
augmentation hyperparameters related to resolution, learning rate, and epochs are also tuned well.
When evaluated on the PlantVillage apple leaf disease subset, the model attained 99.21% comprising
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of existing methods with its effectiveness, demonstrating in the automated diagnosis of the disease
of the foliage [96]. They also propose a transfer learning approach for early plant disease detection
with test varied sources images to validate model generalizability. The optimizers then used a similar
architecture and the training setup based on these parameters, showing that the best performing
optimizer was Adagrad giving 92% training, 91% validation, and 91% testing accuracy. The model is
deployed in a mobile app and works well in field conditions, focusing on a real on-ground precise
farming use case [97]. AppleNet, a deep learning-based multi-class classification model designed for
apple disease detection. Leveraging transfer learning with a ResNet-50 architecture pretrained on
ImageNet, AppleNet extracts robust features and achieves high accuracy (96%) on a custom dataset
of 2,897 real-world images with background noise. Hyperparameters were fine-tuned for optimal
performance. Comparative evaluations with baseline and other pretrained models reveal AppleNet’s
superior performance, with an average accuracy gain of 21.54%, highlighting the benefits of transfer
learning and realistic data collection in plant disease diagnosis [98].

An early apple scab detection using mobile phones and CNN-based artificial intelligence to
support smart horticulture goals of increased yield and reduced pesticide use. Two datasets
comprising images of infected apples were used, and due to the time-consuming nature of data
collection and variability in scab appearance, transfer learning was employed. The research
compared transfer learning to training from scratch, and statistical analysis at a 0.05 significance level
confirmed the superior performance of transfer learning in enhancing CNN accuracy for scab
detection applications [99]. A parallel framework for real-time apple leaf disease detection,
addressing challenges of low-contrast imagery that hinder accurate classification. A hybrid contrast
stretching method enhances image visibility, followed by infected region detection using MASK
RCNN. Simultaneously, pre-trained CNN models extract features from enhanced images, and
Kapur’s entropy with MSVM (EaMSVM) selects optimal features. The framework is evaluated on the
Plant Village dataset, achieving a top classification accuracy of 96.6% using an ensemble subspace
discriminant analysis (ESDA) classifier. Comparative analysis confirms the framework'’s superiority
over existing approaches in disease identification [100]. Another research paper provides a systematic
review study on 45 articles (2016-2024) dedicated to apple leaf disease detection using computer
vision and deep learning. It demonstrates how automated diagnosis by image function can overcome
diseases with similar symptoms to minimize pesticide application and reduce crop loss. This work
analyzes datasets, deep learning strategies, and state-of-the-art architectures, and outlines the main
advances and gaps in research in this field [101].

Three types of leaves created by VGG-16 fine-tuning for eight distinct grape leaf diseases (Black
Measles, Leaf Blight, Phyllosticta Blight& Scab, Black rot and Cedar rust) are proposed in this study.
The approach uses transfer learning by keeping most layers of the pretrained model fixed, only
training the final layer with a 98.9 % reduction in training duration. The proposed method can quickly
and accurately identify and classify diseases with an accuracy of 97.87% classification accuracy,
which is faster and more accurate compared to manual diagnosis of apple and grape leaf diseases
[102]. The baseline model behind this study is a custom-built model with pre-trained networks
(ResNet18, AlexNet, GoogleNet, and VGG16) which will classify the apple tree leaves into healthy,
black rot, apple cedar rust, and apple scab. They are applying image enhancement techniques to
increase the model’s performance and get 97.25% accuracy on the validation dataset. The findings
illustrate how the model can be useful for real-time surveillance of plant health, presenting a viable
and cost-effective approach for large-scale agricultural disease monitoring [103]. Partial Survey of
Apple Surface Defect Detection via Weight Contrast Transfer MobileNetV3 Model. In this study, a
new dataset with thermal, infrared and visible apple surface defects was built, and a substantial
performance in the model was achieved. Compared to MobileNetV3, the WC-MobileNetV3 yielded
improvements of 16% in accuracy, 14.68% in precision, 14.4% in recall and 15.39% in F1-score. WC-
MobileNetV3 significantly outperformed other classical neural networks such as AlexNet, ResNet50,
DenseNet169, and EfficientNetV2 on all performance metrics. The proposed method offered a high
accuracy and efficient detection for online apple grading [104]. They propose a deep convolutional
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neural network (DCNN)-based approach to diagnose and identify apple tree leaf disease (ATLDs) at
the early stage. We've created a model that combines DenseNet and Xception architectures, where
fully connected layers are replaced with global average pooling. Using Support Vector Machine you
classify the diseases of apple leaves. The model, trained on images from both laboratories and fields,
reaches an accuracy of 98.82%, which is superior to the accuracies achieved by Inception-v3,
MobileNet, VGG-16 and Xception. The proposed model converges faster, has fewer parameters and
can produce a more robust solution, which is promising for its use in intelligent apple cultivation
systems to control ATLDs [105], with a 99.21% accuracy, surpassing existing models. Our approach
employs transfer learning, whereby the EfficientNetV2S architecture is fine-tuned to obtain
analogous features to enhance apple leaf disease classification. Data augmentation techniques are
used to combat the class imbalance issue, allowing for better generalization. The study systematically
investigates hyperparameters such as input resolution, learning rate, and epochs to achieve the best
performance. These findings indicate that the proposed model could be integrated into apple disease
detection systems and thus it could be considered as an efficient and effective method for automatic
apple leaf disease classification which could greatly increase productivity and disease management
in apple cultivation [106]. Another research proposed a novel automatic fire blight disease detection
and segmentation system for infected apple orchard areas based on intelligent sensing technologies
and deep learning approaches. The sensitivity of different processing indices to fire blight infection
was instead achieved by an analysis of UAV multispectral images and ground camera RGB images,
revealing that RVI had the highest sensitivity to fire blight infection. A Mask Region-Convolutional
Neural Network (Mask R-CNN) model trained on 880 images and tested on 110, achieved a precision
of 92.8% and a recall of 91.2%, thus proving its efficacy in detecting and segmenting infected canopies.
These findings show the promise of this approach for site-specific application with minimal
intervention in apple orchards [107].

An improved lightweight MobileNetV2 model for crop disease identification is proposed for
optimal accuracy and efficiency on mobile and edge devices with limited computing resources. This
model improves on MobileNetV2 with an improved Bottleneck structure, reduces operation channels
through point-by-point convolution, and introduces the RepMLP (re-parameterized multilayer
perceptron) module used to capture long-distance dependencies. Moreover, we applied a channel-
attention mechanism and Hardswish activation function to improve recognition accuracy. Model
accuracy on the PlantVillage dataset resulting from the experimental evaluation is 99.53%, which is
0.3% higher than the original ResNet50 model with reduced parameters of 59% compared to
ResNet50 and helps improve the inference speed by 8.5%. This work is useful for deploying crop
disease identification on edge and mobile devices [108]. The study "Apple Leaf Disease Detection
using DenseNet121 Transfer Learning Model" introduces an apple leaf disease detection approach
employing the Deep Convolutional Neural Network (CNN) architecture of the DenseNet121 model,
which is trained on a large-scale dataset and fine-tuned for the classification of diseases. By leveraging
knowledge from a broader dataset, transfer learning improves the reliability and accuracy of the
model in diagnosing diseases. Liu et al. [109] proposed an approach based on YOLO v4, but using
fewer layers to achieve better disease detection in apple leaves while maintaining a low
computational cost and training time—an efficient solution for practical applications in agriculture.
There is this research work that investigates the implementation of deep convolutional neural
networks (CNNSs) in detecting and identifying plant diseases using plant leaves. To overcome the
high computational cost of standard CNN models, depth-wise separable convolution was
introduced, reducing both the number of parameters and computation requirements of the model.
The models trained on 14 plant species and 38 disease classes and produced high discoveries in
classification accuracies with 98.42% for InceptionV3, 99.11% for InceptionResNetV2, 97.02% for
MobileNetV2, and 99.56% for EfficientNetB0. The results are better than traditional approaches based
on a handcrafted set of features, along with training time and accuracy. Because MobileNetV2
optimizes its parameters for mobile device deployment, it can be considered a promising candid ate
for real-time disease detection in agricultural systems [110]. Another paper carried out as part of the
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European Union Horizon 2020 OPTIMA project, aims at automated detection of downy mildew,
apple scab and Alternaria leaf blight through the application of deep convolutional neural networks
(CNNs) on RGB images. The work will help to improve disease detection in commercial fields within
an integrated pest management (IPM) framework. The model had its performance evaluated in open-
set (field) and closed-set (controlled) scenarios. In contrast, the closed-set setting resulted in higher
accuracy: 66.3% (downy mildew), 45.1% (apple scab) and 42.1% (Alternaria) F1 scores. However, in
the open-set scenario, the F1 scores for downy mildew, apple scab, and Alternaria fell substantially
to 34.8%, 5.5%, and 4.2%, respectively. Our study emphasized open-set evaluations, which are critical
for a realistic pilot of model performance in conditions closer to the real world. The dataset can be
found online for researchers [111]. The Deep Leaf Disease Prediction Framework (DLDPF) proposed
in this paper is a hybrid method for leaf disease detection that combines Convolutional Neural
Networks (CNNs) with transfer learning using pre-trained models such as AlexNet and GoogLeNet.
The CIDCNN-TL algorithm is used in the framework with the classification algorithm implemented
by Keras and TensorFlow. The DLDPF is compared with deep learning models such as AlexNet,
GoogLeNet, VGGNet16, and ResNet20 using apple leaf datasets. The experimental results also
suggest that DLDPF outperforms these models for automatic leaf disease prediction, demonstrating
its potential use in improving precision agriculture in India [112].

Here, a transfer learning method is implemented based on the VGG19 model on apple leaf
diseases classification, yielding a high accuracy of 98.71% on the validation data. The PCB is a great
solution for precision agriculture, as it is a fine-tuning of the hanging pre-trained model, which is
advantageous in the early detection of diseases. Such development not only aids sustainable orchard
management but also alleviates economic losses and improves disease management. In the future,
the aim might be to optimise the model further and evaluate the model under dynamic agricultural
situations, encouraging better crop management strategies [113].

A deep learning-based multi-class classification model for apple plant disease detection named
AppleNet is proposed. This model uses ResNet50 with Transfer Learning, which allows for Pixel-
wise training and Extraction of over a million features, as it builds on top of a feature extractor. Using
a dataset of 2,897 real real-world images augmented with data augmentation, AppleNet achieved a
classification accuracy of 96.00%. An accuracy improvement of 21.54% over the other pre-trained and
baseline models was reported. The efficiency of transfer learning is shown in this study and provides
a better solution for effective and precise detection of apple diseases in the real field [114]. Here we
compared three deep learning models, ReXNet-150, EfficientNet and ResNet-18 for apple leaf disease
detection. Notably, ReXNet-150 achieved these scores using only 1,730 high-definition images with
transfer learning: F1-score = 0.988, precision = 0.989, recall = 0.989. In the case of EfficientNet and
ResNet-18, F1-scores were 0.966 and 0.977 respectively. The ReXNet-150 model can be embedded into
a TensorFlow Lite-based Android application that can detect diseases in real-time, making this model
deployable for agricultural purposes with an accuracy of 98.9%. This implementation highlights the
potential for mobile deployment in precision agriculture, with subsequent efforts aimed at multi-crop
detection and real-time video analysis [115].

2.2.5. Lightweight Models:

Light-weight models are those that can work on the device hardware, where computational or
memory capabilities are not the best by reducing the number of parameters and computations. These
models, including Mobile Net and Squeeze Net, achieve a trade-off between performance and
efficiency, which suits real-time applications in domains like agriculture, where devices with limited
computing resources are used for disease detection [198].

we were the first to adopt the GSE_YoloV5s model for the detection of apple leaf disease. Using
Ghost Bottleneck instead of CSP Bottleneck and an attention SE module, the proposed approach
helps reduce the computational load while improving the small lesion detection. It outperforms our
baseline YoloV5s model in both speed and accuracy with 40% fewer parameters (AP = 83.4%) [116].
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Agriculture is a lifeline service to mankind, providing food and money to people. Various
diseases affect different fruits and crops. Mosaic contents, Frogeye, etc, are some of the pathological
conditions that may occur with apple tree leaves that influence their production. Under infection that
can reduce apple growth and thus affect the assets of the country, image processing is used to detect
apple leaf disease when the apple crop gets damaged. This strategy allows for a clear separation
between infected and healthy apple leaves. Often, people tried to scan those diseases with their eyes.
At times, bad decisions are made because the leaves look alike. They particularly provide misleading
results and lead to delays in achievement. They cannot rely on the results in time. Additionally,
manpower is needed to identify these leaf diseases visually. In their paper, they propose the CNN
model and an algorithm to identify those types of diseases in crop leaves. We trained a sample we
had created to analyze the infected leaf and identify the disease on the leaf. We use the Inception v3
algorithm [117]. The EADD-YOLO model to identify a diverse range of apple leaf diseases, as well as
to overcome issues such as the large number of parameters, the slow detection speed and the low
performance for tiny, dense spots. Meanwhile, a Shufflenet inverted residual module constructs a
light-weight model aimed to decrease parametric and floating-point operations (FLOPs), improving
computational efficiency at a little cost of detection precision. To enhance feature extraction and
fusion, a depth-wise convolution-based feature-learning module was introduced to the neck
network. Moreover, a coordinate attention module draws attention to key locations to enhance
detection performance for objects of different sizes in different scenes. CloU loss is replaced by SloU
loss function to improve bounding box localization precision [118]. Another study examines the
spatiotemporal relationship between eco-environmental quality and land-use carbon emissions
(LCE) in Qingdao City, China, during the period from 2005 to 2019. The study develops an improved
Land Cover Ecological (LCE) model, the remote sensing ecological index (RSEI) and decoupling
theory integrated with Google Earth Engine (GEE) and GIS platforms, using raster datasets for carbon
emissions, remotely sensed environmental variables and land-use changes. The main findings are as
follows: 1) from 2005 to 2019, RSEI increased from 0.4365 to 0.5378; 2) LCE increased from 4.028
million tonnes in 2005 to 7.929 million tonnes in 2019; 3) four decoupling states were identified: weak
decoupling, expansive negative decoupling, strong decoupling, and strong negative decoupling.
These trends indicate the need for space-managed policies to balance carbon emission reductions and
sustainable development [119]. An apple leaf disease detection model, ALAD-YOLO with high
efficiency and accuracy, taking into account the trade-off between detection accuracy and speed. In a
dataset of 2,748 diseased apple leaf images under different environmental conditions, we incorporate
three optimizations into the model, including the basic blocks of Mobilenet-V3s, coordinate attention
(CA) in the backbone, and group convolutions in the SPPCSPC module. These adaptations contribute
to reducing the model footprint with preserved detection performance. Experimental results show
that the proposed ALAD-YOLO can achieve a mAP of 90.2% (9.3% higher than YOLOvb5s) with the
floating-point operation (FLOPs) reduced to 6.1 G, which is a conversion per FLOPs with efficiency
reduced by 9.7 G compared to YOLOVS5s. Their speed and accuracy trade-off makes the model a good
candidate for apple leaf disease detection and potentially other applications [120]. The Convolutional
Neural Network (CNN) uses an AlexNet-based model for detecting five diseases on the leaves of an
apple tree. The model uses dilated convolution to extract coarse-grained disease features while also
having wide receptive fields and few parameters. At the same time, a number of 3 x 3 convolution
shortcut connections are added to handle more nonlinearities. To enhance the fitting of channel
features and minimize the impact of the background noise, the attention mechanism is applied to the
output modules. Moreover, this model employs global pooling instead of two fully connected layers,
which can reduce the number of model parameters and retain the integrity of the features. Size 5.87
MB, recognition accuracy 97.36%. This method is also practical, light and can detect apple leaf
diseases with a very high accuracy; when compared with five other models [121].

Design of a new lightweight convolutional neural network for fast and efficient classification of
apple leaf diseases (RegNet). The dataset consists of 2,141 images, including five diseases (rust, scab,
ring rot, panonychus ulmi) and healthy leaves, and the dataset is compared with state-of-the-art
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CNNs, including world models ShuffleNet, EfficientNet-BO, MobileNetV3, and even Vision
Transformer. With a learning rate of 0.0001, RegNet-Adam obtains a remarkable 99.8% accuracy on
the validation set and 99.23% on the test set, surpassing all other pre-trained models. By utilizing
transfer learning, the study shows that the suggested method facilitates rapid and precise detection
of apple leaf diseases [122]. A light-weight CNN model, named MEAN-SSD, which is more suitable
for real-time detection of apple leaf diseases on mobile devices. It is trained on a custom dataset,
APPLDisease5, of simple and complex background images of 5 common apple leaf diseases:
Alternaria blotch, Brown spot, Mosaic, Grey spot and Rust. To solve this contradiction, the MEAN
(Mobile End AppleNet block) module is proposed, which decreases the number of operations while
rebuilding the normal 3 x 3 convolution to require less space. The Apple-Inception module, the
inspiration for GoogLeNet's Inception module, substitutes the MEAN block for all 3x3 convolutions.
MEAN-SSD reaches detection performance at 83.12% mAP and 12.53 FPS from experimental results,
proving the suitability of mobile deployment to the model in efficient and precise disease detection
[123]. Another work uses a lightweight YOLOv8n-based model to detect diseases on apple leaves,
with an emphasis on mobile and embedded devices. The major updates involve substituting normal
Conv layers with GhostConv and partial C2f structure with C3Ghost to lower the model’s parameter
number while increasing its performance. Specifically, this model introduces a Global Attention
Mechanism (GAM) mechanism to enhance lesion detection, and a significantly improved Bi-
Directional Feature Pyramid Network (BiFPN) spanning across sub-networks to optimize the fusion
of features between the two networks, allowing for the integration of useful features from other
layers, which is a common challenge within the environment for small lesions. Experiments yield
32.9% reduction of computational complexity, 39.7% reduction of size of model (3.8 M), and 3.4%
performance improvement (mAP@0. 5 of 86.9%. As compared to YOLOv7-Tiny, YOLOv6, YOLOvV5s
or YOLOv3-Tiny models, the proposed YOLOv8n-GGi model outperforms in terms of detection
accuracy, model size and overall sandwich performance, thus making it ideal to use in real-time apple
disease detection for mobile and embedded devices [124].

Thus, this paper presents a mobile device-based one-stage detection model, namely, MGA-
YOLO, for apple leaf disease on-site diagnosis in real-time. It adopts the Ghost module to lessen
FLOPs and parameters, combines CBAM to upgrade feature extraction and employs Mobile Inverted
Residual Bottleneck Convolution. A new dataset, ALDOD (8,838 images), enables training in a
complex background. MGA-YOLO (mAP: 94.0% with augmentation, model size: 10.34 MB, FPS: 12.5
on mobile devices), highly suitable for in-field disease detection [125]

In this study, LAD-Net, a lightweight and real-time model, was proposed for the early detection
of apple leaf diseases, including aphids, rust, and powdery mildew on mobile devices. It employs
AD Convolution to decrease parameters and LAD-Inception for improved multiscale feature
extraction. The overall performance is high, even with a tiny dimension (1.25MB) and fast detection
(15.2ms on Huawei P40), producing 98.58% accuracy using LR-CBAM and global pooling, promoting
LAD-Net to practical usage in mobile-based detection [126]

The research proposes a lightweight apple leaf disease identification model, RepDI according to
the training data (the data only contains the image of the apple leaf), which uses structural
reparameterization and depth-wise separable convolution to optimize the model for CPU devices.
Hence, it is designed with a multi-branch structure to parallel dilated attention for extracting
challenging large venue attentions. When tested on the difficult Real-ALD dataset, RepDI achieved
98.92% accuracy; it also presents the fastest CPU inference compared with other lightweight models,
marking it as a strong contender for its use in real-world agriculture applications [127]. The main
contribution of this study is an optimized RegNet model for the recognition of similar diseases that
occur simultaneously on the same leaf. Through the manipulation of training strategies, the use of
data augmentation, and variations in the complexity of image backgrounds, the results indicate that
the use of transfer learning, accompanied by offline expansion provides substantial effective
performance on the classification. The two datasets resulted in an accuracy of 93.85% and 99.23% in
the prediction of the image of the scene, showing promising generalization and robustness
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capabilities in complex field contexts [85]. They propose a model, called ALAD-YOLO, which is
based on the YOLOv5s model and achieves lightweight and accurate apple leaf disease detection.
The model is implemented with MobileNet-V3s blocks, coordinate attention, and efficient
convolution modules (group, depth-wise, Ghost) to decrease model size and computational
complexities using data (2,748 images) that are recorded under challenging environmental
conditions. With only 6.1 GFLOPs, ALAD-YOLO achieved an accuracy of 90.2%, far better than that
of YOLOv5s in terms of precision and efficiency [129]. To deploy models on mobile devices, the ELM-
YOLOvV8n model proposes major innovations for apple leaf disease detection in complex
environments. Instead, it integrates the Fasternet Block into the YOLOv8n architecture to reduce
parameters and computational load, incorporates Efficient Multi-Scale Attention (EMA) to improve
feature extraction in complex backgrounds, and a DESCS-DH is introduced to improve the edge
details capture across scales. The model improves the localization of small targets by using the NWD
loss function instead of CloU. Achieving 96.7% mAP@0. 5 and 94.0% F1-score, greatly outperforms
the baseline YOLOv8n with a reduction of parameters and computation with 44.8% and 39.5%
respectively [130]. YOLOv8-GSSW Model: A Lightweight Enhanced YOLOv8n for Apple Leaf
Disease Detection. By incorporating the GSConv module in the backbone, it follows a reduction in
computation complexity and parameter amounts by 15.6%. The Slim-Neck architecture with SA
attention enhances channel assignment and correlation. With sample imbalance and convergence
problems in CloU loss, we have replaced it with WIoU. It is a small model with 2.7M parameters and
a size of 5.4MB, achieving 87.3% mAP while remaining suitable for deployment on edge devices [131].

To improve the precision of small apple leaf spot detection in complex orchard environments,
YOLOv5-Res and lightweight YOLOv5-Res4 models-based detection methods are proposed in this
study. The ResBlock module integrates Inception and ResNet ideas to achieve multiscale feature
extraction, and the C4 module brings lower parameters and enhances small-target detection. Results
show mAP0O. 5 achieve +2.8%(YOLOv5-Res), +2.2%(YOLOv5-Res4) improvement with model
sizes~10.8MB, 2.4MB and 22% 38.3% parameter reduction compared with YOLOv5s, YOLOv5n
[132]. Apple-Net offers a novel approach to apple leaf disease detection based on YOLOvV5, which
introduces a Feature Enhancement Module (FEM) to enhance the multi-scale output and adds
Coordinate Attention (CA) to improve the detection efficiency. In contrast, addressing disease
diversity and semantic limitations, Apple-Net achieves superior performance, 95.9%mAP@0.5 and
93.1% precision, besting four traditional models and demonstrating robust intelligent agricultural
applications [133]. A-Net is an extension of YOLOvV5, implementing effective apple leaf disease
detection by means of adding the Wise-IoU loss function given the attention and dynamic focusing,
and substituting the convolution modules for RepVGG for speed and accuracy improvements. The
model suppresses the growth of error weight effectively and obtains 92.7% accuracy and 92.0
mAP@0.5, which was superior to other detection models and can be used in practical ecology
agriculture [134]. To reduce parameter settings and speed up the processing for apple leaf disease
detection, an improved TPH-YOLOV5-MobileNetV3 algorithm is constructed by the SimAM
attention module and MobileNetV3. The proposed model has the high precision (91.41%), recall
(91.94%) and F1 (91.67%) score and mAP (94.26%) with only 4.5M parameters, which allows for faster
detection (17.05 ms/img) It shows an efficient balance between recognition accuracy and speed
compared with other models, and can be performed for real-time, non-destructive apple leaf disease
detection [135]. Integrating Attention Mechanisms and Transformer Encoder in YOLOVS5 for better
apple leaf disease Detection by YOLOV5-CBAM-C3TR. It achieves a mAP@0. 5 of 73.4%, precision =
70.9%, recall = 69.5%, for diseases such as Alternaria blotch, Grey spot and Rust. It boosts mAP by
8.25% using a few extra parameters over B-TOYOLOVS. It indeed has the potential to be a game-
changer in improving disease detection technology for the apple industry, as it can identify similar
types of disease in proximity to the orchard therefore the model achieved 93.1% accuracy for
Alternaria Blotch and 89.6% accuracy for Grey spot [136]. YOLOV5s is suitable for multi-scale apple
leaf disease detection in a complex natural scene. The model adopts BiFPN to utilize multi-scale
features with high accuracy as well as a transformer and CBAM attention mechanism to robustly
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express disease features and reduce background interference. A mAP of 84.3% with a throughput of
8.7 images per second on an octa-core CPU. It improves enormously in speed and accuracy as
opposed to SSD, Faster R-CNN, and YOLOx, while also achieving excellent performance in the
presence of noise. This lightweight, accurate model is well-suited for deployment on mobile devices,
facilitating early intervention for apple leaf diseases [137]. An enhanced Yolov5 framework in this
study that performs apple detection on images captured directly from the farms, overcoming the
built-in limitations of image noise, blurriness, and complex background. To boost the feature level
and to recognize smaller objects, the proposed model applies an adaptive pooling scheme as well as
utilizes a set of attribute augmenting models. This method also employs a custom loss function to
enhance bounding box accuracy leading to detection results with precision, recall, and F1-score
values of 0.97, 0.99, and 0.98, respectively. This approach provides enormous advancement in
detecting apples; therefore, it is mostly used for automating the apple harvesting process [138].

FSM-YOLO an enhanced convolutional neural network (CNN) model for detecting apple leaf
diseases in unstructured environments. The model introduces the Adaptive Feature Enhancement
Module (AFEM) to enhance feature extraction, also adds a Spatial Context-aware Attention (SCAA)
module which performs an in-depth modeling of the spatial relationship in the image, and adopts
Multi-kernel Mixed Convolution (MKMC) to obtain different scales of features. Compared to
YOLOv8s, FSM-YOLO performs better with a 2.7% mAP@0.5, 2.0% in precision, and 4.0% in recall.
We show that FSM-YOLO outperforms all existing algorithms on six datasets, demonstrating that it
is both robust and suitable for plant disease detection [139]. The implementation of YOLO (You Only
Look Once) networks for early disease detection and health monitoring of apple trees infected by
Apple scab, Black rot and Cedar apple rust. The paper proposes a system relying on their own
custom-made drones to capture video images of the trees. The research also emphasises the need for
continuous surveillance for early detection so that losses in agriculture can be reduced. This helps to
assess the advantages and disadvantages of approaches for disease detection including YOLOv3[139]
and image labelling and data training/testing [140].

The problem of identifying pickable and unpickable apples in images of apple trees for robotic
pickers. This paper proposed a lightweight apple detection method based on YOLOv5s. Data: YOLO
V7 was trained on data till Oct 2023 and features BottleneckCSP-2, attention module (SE module),
better feature map fusion, and effective anchor box sizes The recognition recall, precision, mAP and
F1-score, based on experimental results, were 91.48%, 83.83%, 86.75% and 87.49%, respectively. The
experimental results showed that, compared with YOLOv5s, YOLOv3, YOLOv4 and EfficientDet-DO,
the proposed model could obtain higher mAP and the recognition speed was faster, so it is well
applied to real-time targeted detection of apples for robotic systems [141]. After analysing the
diseases of accelerated apples, this paper proposes an enhanced apple leaf disease detection model
based on YOLOV5, which introduces the Feature Enhancement Module (FEM) and coordinate
attention (CA) to expand the diversity of diseases and improve the detection accuracy. This
architecture with FEM contributes to enhanced output of multi-scale information, and CA promises
effective detection. As evidenced by the experimental results that Apple-Net has a higher mAP@0.5
(95.9%) and precision (93.1%) compared to four classic detection models, demonstrating its high
efficacy in apple leaf disease identification [142].

We proposed TPH-YOLOV5-MobileNetV3, which was an enhanced apple leaf disease detection
algorithm by improving the dataset and using the SimAM attention module as well as the
MobileNetV3 architecture to make the network parameters smaller. This model has 4,537,842
parameters and achieves accuracy, recall, F1 and mAP of 91.41%, 91.94%, 91.67%, and 94.26%,
respectively. They also provide a trained model of size 11.8 MB and tested with a timing of 17.05
ms/img. This approach also reduces the number of parameters and detection time compared to other
models like YOLOV5 and TPH-YOLOVS at the same time [143].

2.2.6. Hybrid Models
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A hybrid model is a model which merges its machine learning or deep learning strengths with
others. Hybrid models are also used in agriculture which combines traditional methods (for example,
SVM) and deep learning techniques (for example, CNNs, transfer learning, etc). By improving feature
extraction and effectively managing diverse datasets, these models MDT balance accuracy and
robustness, especially in complex tasks such as the detection of disease. To classify apple leaves with
foliar diseases, avoiding disadvantages suffered by standalone CNN and LSTM such as overfitting,
class imbalance, and gradient issues. CNN for feature extraction and LSTM for extracting temporal
patterns. and achieved 98.00% accuracy, 95.00% specificity, 96.00% sensitivity, and 94.00% AUC on
the dataset. CNN-LSTM collectively results reveal a better performance than the individual CNN and
LSTM in accurately identifying both disease-positive and disease-negative apple leaf images,
suggesting robust CNN-LSTM-based apple disease detection solutions [144].

An innovative apple recognition and 3D localization solution for simultaneous robotic
harvesting in cluttered orchard environments. Object detection was carried out in combination with
Deep SORT for apple tracking and counting using YOLO variants (YOLOv4, YOLOv5, YOLOv?)
and EfficientDet models applied on images captured with a Realsense D455 RGB-D camera under
varying speeds and camera angles. Results show that YOLOvV7 achieves the best mAP@0.5 (0.905);
EfficientDet had the lowest RMSE (1.54cm) at 15° and 0.098ms™. It helps improve apple localization
and count accuracy based on field dynamic conditions with robotic arm deployment [145]. Another
study proposes MEAN-SSD, an a real-time CNN-based model customized for mobile devices, which
is specifically designed to detect apple leaf diseases. Focusing on five common diseases (Alternaria
blotch, Brown spot, Mosaic, Grey spot, and Rust), the AppleDisease5 dataset was used to train the
model, which contains both simple and complex backgrounds. Notable developments of the new
architecture include the MEAN block for eliminating standard 3x3 convolution to promote efficiency
and the Apple-Inception module, containing GoogLeNet's Inception structure augmented with
MEAN blocks. MEAN-SSD attains 83.12% mADP and 12.53 FPS, suitable for accurate, real-time mobile
deployment in agricultural environments [146]. Another method that focuses on a deep learning-
based apple surface anthracnose lesion detection method. CycleGAN and traditional augmentation
techniques are considered to perform data expansion to compensate for limited data caused by
sporadic disease occurrence. The YOLO-V3 model is adopted with DenseNet to optimize the
utilization of low-resolution feature layers, in this way, the feature utilization and detection accuracy
can be improved. Experimental results show that the improved model surpasses my Faster R-CNN
with VGG16 and the original YOLO-V3 of the same epoch, achieving real-time detection. We have
proposed a very robust and effective approach for early orchard-based anthracnose detection using
optical sensors [147]. We will get an overview of the existing Al-based methods for plant disease
detection and classify them as machine learning or deep learning techniques. It describes their
capabilities, shortcomings, and the datasets metrics used for evaluation. The paper, however, cites
challenges that remain, including data scarcity and the ability to deploy decisions in real time. It ends
with recommendations for future studies to improve accuracy and application in the agricultural
domain [148].

we discuss how ML and DL significantly contribute to the early detection and management of
biotic and abiotic stresses in plants. These techniques analyze large datasets (e.g., TERRA-REF) that
can predict stress response, using high-throughput equipment (UAVs, satellites, and hyperspectral
imaging). Al in stress phenotyping, trait identification, and resilience improvement through
diagnostic mechanisms are key observations made by this study [149]. Setu et al. (2024) propose an
application of a machine learning approach for a combined binary classification application to
diabetes using specific pathological data of 768 patients. In summary, the methodology combines
four clustering algorithms—Fuzzy C-Means, K-means, Fuzzy Inference System (FIS), and Support
Vector Machine (SVM)—with an entropy-based probability fusion technique. Feature reduction was
conducted with MLR before model combination and used logistic regression to account for outliers.
The integrated approach achieves about 94% detection accuracy, successfully utilizing various ML
methods for enhanced diagnostic efficacy [150]. The focus of this study is to classify apple leaf
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diseases by applying machine vision and machine learning to extract color and texture features from
images. The apple scab, black rot and cedar apple rust were detected with high accuracy 95.83% and
96.68% respectively using the Gaussian process regression SVM classifiers which shows the potential

of image-based feature extraction and classification in disease analysis [151].

Table 2. Comparison of Models.

Approach Model / Paper Accuracy (% | Fl-score (% | Precision
CNN CNN baseline(various) 91-97 88-96 90-95
YOLOV5 MEAN-SSD, YOLOVS variations | 97.9-99.6 97.7-99.5 97-99.7
Transfer Learning EfficientNet, MobileNet 98.6-99.7 97.7-99.6 97.1-99.8
Hybrid Lightweight | Efficient-ECANet, PDICNet 99.71 97.77 99.41
SVM Traditional ML + Features 85-93 80-91 83-90
Naive Bayes Traditional ML 80-88 75-86 78-87
Machine Vision Color/texture/shape-based 75-90 70-88 72-89

3. Machine Vision and Image Processing:

Machine vision plays an indispensable role in agriculture applications, especially for the disease
detection, grading and crop management. Camera and sensor capture visual data for Machine Vision
and image processing techniques analyze and enhance this data to generate meaningful insights.
Thresholding, edge detection, segmentation, and feature extraction assist in identifying specific
patterns (such as disease symptoms on leaves) or in classifying the fruits' qualities. Automated
systems can now make accurate decisions with this technology, further optimizing farming processes
while minimizing manual labour [199].

Machine Vision Framework

Input Block

Pre Processing

Image Enhancement

Features Extraction

Figure 6. Workflow of Machine Vision.

How computer-assisted technologies, and specifically, machine learning (ML), deep learning
(DL), or other domain-specific approaches, are currently impacting disease detection in apple crops.
It shows the evaluations of the methods on metrics such as accuracy, precision, recall, F1-score, speed,
and error rate. CNN-based DL models manage to be significantly more effective than the combination
of ML and DL as stand by and far outperform on 3D image data in real time. They also brought
attention to the little research that has been conducted on post-harvest disease detection, and
introduced an area of importance by including biotic and abiotic stressors as influential in disease
incidence and detection accuracy for crops such as apple [152]. A novel thermal image-based
computer vision method for segmenting unhealthy apple tree leaves using NNs optimized for
embedded systems. A comparative study has been performed for standard embedded platforms,
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GPU speed-up embedded systems, and PCs. The final Intersection over Union (IoU) score for
segmentation reported was 0.814, confirming satisfactory segmentation performance. The favourable
outcomes demonstrate that fine-tuned NNs running on embedded computing hardware provide a
practical, energy-efficient solution for real-time detection of Kiwi fruit disease in precision agriculture
applications, and underline the promise of using low-power, field-deployable technologies in
orchard settings [153]. Here, we propose an image processing technique for classifying apple diseases
based upon color, texture, and shape-based features. K-Means clustering (for infected region
segmentation), extraction, and fusion are carried out. We use a multi-class Support Vector Machine
(SVM) for classifying apples into blotch, rot, scab or healthy classes. Results also suggest that both
combined features outperform individual features, whereas, shape features are less effective by
using it standalone. It presented a strong classification scheme that highlights the necessity of
combining color and texture characteristics for the identification of apple diseases [154]. A survey of
the machine learning-based approaches for detecting apple leaf and fruit diseases. Early detection of
disease outbreaks such as black rot, black measles, leaf blight, and mites is critical to prevent
economic losses and maintain sustainability in agriculture. It highlights the need for developing
specific algorithms for different plant types, different applications should include extensive feature
extraction (leaf area, width, length, etc.) to increase accuracy. They have also highlighted the gaps in
the current research and proposed a system that would help in future work related to leaf disease
detection [155].

For example, A study offers a method that corrects the uneven distribution of brightness in
images of fruits caused by lighting or limitations of the vision system. The method converts the light
inhomogeneity of spherical objects to a uniform distribution and thus enables easier defective area
extraction based on a global threshold. Using 100 images of apples as experimental data, it achieved
a classification rate of 94.0%, which highlights the simplicity and effectiveness of these results. Same
for spherical fruits, the suggested algorithm can also work on them [156]. A neural network is trained
to classify apples as having scab, bitter rot, black rot or being healthy. Providing a low-cost apple
disease diagnosis system (neural network). To be more specific, the method uses color and texture
features from apple images. Only 60% of the dataset was used for training the multi-layer perceptron
neural network, and the rest was used solely for testing. A two-layer network containing eight
neurons in each layer produced the highest accuracy of 73.7%, providing a good method for apple
disease classification [157]. A 19-layer convolutional neural network (CNN) model for the
classification of Marsonina Coronaria and apple scab diseases of apple leaves is proposed in this
research. It was trained on a dataset of 50k leaf images from apple farms across Himachal Pradesh
and Uttarakhand, with an image augmentation applied to the dataset to further increase the size. The
accuracy - which was around 99.2% - was found to be greater than other CNN models with a lesser
number of layers and traditional machine learning classifiers such as support vector machine, k-
Nearest Neighbour, Random Forest and Logistic regression [158]. DaSNet-V2, a deep learning-based
one-stage detector for robotic fruit harvesting in orchards. The model is able to perform the detection
of fruits, the instance segmentation of fruits, and the semantic segmentation of branches all under
one network architecture. To realize computational efficiency, we integrate a lightweight backbone
network (LW-net) into the proposed approach. It was tested on Apple Orchard RGB-D images and
reached detection F1 scores of 0.844, instance segmentation of fruits of 0.858, and semantic
segmentation of branches of 0.795. The result is visualized in 3D that shows DaSNet-V2 robustness
and real-time efficiency in real-world orchard settings [159].

Tons of pest detection and prediction-based covering diseases in detail, the types of crops such
infected by pests. This work focuses on the application of machine learning, deep learning, and
domain-specific methods for low-level disease detection in apple crops. Numerous methods are
proposed around which the authors analyze their strengths and weaknesses, as per performance
metrics of accuracy, precision, recall, F1 score, speed and error rate. Machine learning and deep
learning have limitations in disease detection, however, the combination of deep learning with
convolutional neural networks (CNNs) based on real-time image data with 3D images presents
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greater potential for the larger society. The work also investigates the biotic and abiotic factors
influencing apple disease incidence, providing insights into factors that may enhance disease
detection [160]. The proposed method helps apple growers and farmers to detect apple leaf diseases
by the use of a deep learning algorithm using Mosaic disease and Black Rot images, which decrease
the yield and quality of apples. This method utilizes rotated bounding boxes and proposes a ProbloU
loss function to enhance the precision of model predictions. To resolve class imbalance, the study
utilized data augmentation methods after integrating the Plant Village dataset with an orchard on-
site dataset from Shandong, China. The EfficientNetV2 architecture, FusedMBConv, S-MBConv, etc.,
modules reduce the information loss, while the SimAM attention mechanism increases the extraction
of the features. Depth-wise separable convolution and CAF could enhance the feature fusion. On the
MS COCO dataset, the proposed model gives 93.3% mAP@0. Experimental results validate that our
model generates an improved AP score in the MS COCO dataset. 5, 88.7% Precision, 89.6% Recall,
showing its potential for early disease detection and better disease management in apple orchards
[161].

4. Applications of Advanced Imaging Techniques:

Hyperspectral imaging, 3D imaging, multispectral imaging, and other advanced imaging
techniques have brought about profound changes in how agriculture can be monitored, offering
detailed information on crop health and environmental circumstances. Hyperspectral imaging goes
all the way to the room outside the area storable to the human eye, sensing minute amounts in
vegetation very qualified for catching habits in vegetation physiology like disease or too much or too
little nutrient uptake. 3D imaging, meanwhile, provides accurate elevation data that can assist with
crop monitoring, yield estimation, and even robotic harvesting. Crop monitoring: Multispectral
imaging is used to capture data in multiple unique wavelength bands to assess crop health and
identify potential stress responses. Coupling these techniques with machine learning or artificial
intelligence allows for real-time, accurate decision-making for precision farming. The potential of
hyperspectral spectroradiometer data for detecting Venturia inaequalis infections in apple leaves. The
objectives were to differentiate infected leaves from healthy ones in both resistant and susceptible
cultivars, identify the developmental stage for detection, and pinpoint the spectral regions most
effective for differentiation. Using Partial Least Squares Discriminant Analysis (PLSDA) for
classification, the study found that hyperspectral data could effectively predict infected leaves. The
best results were achieved in the spectral domains around 1500nm and the visible region, particularly
during the well-developed infection stage. These findings suggest that hyperspectral data could aid
in early stress detection and inform management strategies in apple orchards [162]. The use of
hyperspectral imaging combined with machine learning to detect apple proliferation symptoms in
leaves. Over two growing seasons (2019-2020), 1160 leaf samples were collected and analyzed using
a dual camera setup covering spectral bands from 400 nm to 2500 nm, with PCR analysis for reference
data. The research highlights the effectiveness of spectral indices and machine learning models, such
as rRBF, achieving 97.1% accuracy for single-variety samples in controlled environments. For
multiple varieties, classification accuracy reached 73.1%, with improvements to 75.1% when spatial
data was included. Additionally, regression models based on spectral data predicted qPCR results
with an RMSE of 14.491 phytoplasma per plant cell. This study demonstrates the potential of
hyperspectral imaging and machine learning for early disease detection and management in apple
orchards [163]. The use of hyperspectral imaging for detecting water stress in young apple trees
(Buckeye Gala) under different water treatments. Spectral data was captured across a 385-1000nm
wavelength range using a hyperspectral camera, alongside a spectral vegetation sensor and digital
camera. Spectral indices, including Red Edge NDVI at 705 and 750nm and NDVI at 680 and 800nm,
were strongly correlated with varying levels of water stress. The findings demonstrate that intelligent
optical sensors can effectively detect plant stress and provide decision support for managing stress
levels, improving productivity in agricultural settings [164].
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In parallel, we have also investigated the use of hyperspectral imagery to detect various stages
of Apple Marssonina Blotch (AMB), a fungal disease affecting apple trees. Given AMB's long latency
period and similarity to other diseases in its early stages, visible information alone is insufficient for
accurate detection. The research applied the orthogonal subspace projection (OSP) unsupervised
feature selection method to reduce redundancy in hyperspectral data. Ten optimal spectral bands
were selected, predominantly in the near-infrared region, which were then used as input features for
classifiers. The results showed that the selected bands and classifiers achieved accuracy between
71.3% and 84.3%, demonstrating the potential of hyperspectral imaging and OSP for effective AMB
detection [165]. We demonstrate the potential of shortwave infrared (SWIR) hyperspectral imaging
in the early detection of apple scab infection. Hyperspectral imaging: Close-range images were
captured to avoid interference at 2-11 days post-inoculation (dpi) with a push-broom short-wave
infrared (SWIR) camera (head-on mounted, 99SE.0 PS, 4:00 PM) (B + S, Oberg-raidersbach, Austria).
A PLS-DA classification model was built at an advanced infection stage (D11) and applied to previous
stages images. The results suggest that hyperspectral data from the 1000-2500 nm spectral range is
capable of accurately distinguishing infected from healthy leaves. The water absorption band at 1940
nm is one of the most important spectral features to separate early infections [166]. The development
of hyperspectral imaging is an important technology for assessing the quality state and safety of
agricultural and horticultural products. Derived from remote sensing, it uses machine vision and
point spectroscopy combined to improve image segmentation for the detection of defects and
contaminants. Hyperspectral imaging is a non-invasive technology that combines spatial and spectral
information to describe both external physical as well as internal biochemical characteristics of food
and agricultural products. Hyperspectral imaging has found important applications in precision
agricultural systems with respect to classification and chromatic analysis, and for other critical factors
in achieving global sustainability; this review explores efforts to address such challenges and looks
ahead to possible future directions for hyperspectral imaging [167].

We have also assessed the potential of low-altitude RGB and multispectral images to detect
powdery mildew (PM) in apple orchards. UAS-based imagery was acquired by a consumer-grade
RGB camera or a five-band multispectral sensor. RGB images were classified using image processing
algorithms, which achieved an accuracy of 76.4% in the PM detection task and showed a strong
correlation (R? = 0.94) between the PM clusters in the corresponding images and the clusters predicted
by the model. Among seven vegetation indices (VIs), certain indices derived from multispectral
images were successful in segregating PM-infected and healthy leaves, with Modified Simple Ratio-
Red and Optimized Soil Adjusted Vegetation Index identified as controlling VIs. These results show
the feasibility of PM detection via high-resolution aerial images, but further work is required to scale
detection to individual orchard blocks for targeted treatment [168]. A system that is capable of
autonomously navigating the apple orchards and can identify early-stage diseases using
hyperspectral, multispectral and visible range scanners. 2D LiDARs and RTK GNSS receivers are
utilized to facilitate localization and obstacle detection. The system’s goal is to reduce pesticide use
and increase harvest yields. This technique for disease detection utilizes neural networks for plant
segmentation and precise identification of disease, providing an effective intervention and
management technique in orchards [169]. The dataset, obtained from the H2020 OPTIMA project,
holds images and annotations of pictures to help detect diseases on crop types from orchards,
vineyards, and fields originating from France, Italy and Spain. These images are related to three
diseases of three different crops: apple scab (apple), alternaria (carrot) and downy mildew (grape).
The text files associated with the images provide the location information for the bounding boxes of
the diseases in a format suitable for object detection in YOLOV5; this allows for rapid training and
testing of the trained model for disease detection in agricultural scenarios [170].

Apple scab, caused by Venturia inaequalis, is one of the most important pathogens that impact
apple production, resulting in yield losses and considerable fungicide application. “Traditional
disease management consists of short-distance and high-frequency spraying of a uniform pesticide
on the homes which contributes to environmental contamination. The targeted application of
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fungicides based on reconnaissance and meteorological data can help in early detection of over-
threshold apple scab infections resulting in precise chemical applications, thereby curbing its usage
and minimizing any harm to the ecosystem. Remote sensing systems have considerable potential for
identifying pathogens in their early stages; however, practical applications specific to apple scab
monitoring in commercial plantings has not progressed due to a range of challenges including, but
not limited to, large variations in symptoms, illumination conditions, and tree physiologies, as well
as other environmental stress factors. This research investigates the use of data derived from
multispectral imagery for early apple scab detection in the field under real orchard conditions. [171]

Apple Proliferation is caused by the bacterium Candidatus Phytoplasma mali, responsible for
major economic losses in commercial apple production. Routine identification depends on visual
inspection by experts and molecular lab techniques, both of which are time and resource-consuming.
This study investigated the potential of a non-destructive, in-field spectral signature analysis to
identify infected apple trees from healthy ones. Through multivariate statistical analysis, the study
was able to distinguish infected and healthy trees according to the spectral signatures of fresh leaves
and identify the wavelengths most relevant for differentiation. The performance of the differentiation
process was influenced by different components such as sampling date and bacterial colonization
behaviour [172]. Apple mosaic and its effects on fruit yield and quality are known to be severe,
making rapid monitoring a prerequisite for management. This study employed hyperspectral
imaging and simultaneously measured anthocyanin content to characterize the spectral differences
of healthy and infected apple leaves. The analysis showed higher reflectance in the range of 500-560
nm as the severity of the disease increased. This resulted in a remarkably improved correlation
between spectral reflectance processed by the Gaussianl wavelet transform and anthocyanin content.
The best performance in estimating anthocyanin content that enabled efficient monitoring of the
disease was shown by the VPs-XGBoost model. These results provide a basis for large-scale remote
sensing monitoring of apple mosaic disease. [173]. Accurate monitoring of nitrogen content in apple
trees is fundamental for optimizing growth, fruit quality, and yield (Dordas, 2009). Hyperspectral
imaging was employed alongside machine learning (PLSR, SVR, XGBoost) to estimate total nitrogen
content in apple leaves. Spectral binning (4, 8, 16 bins) was used to lower computation costs. The
SVR-based model performed comparably to full spectrum models, with 4- and 8-binning yielding the
best results, without sacrificing prediction quality. When performing at 16-binning, we observed a
decrease in performance under the condition of spectral data loss. These results could help achieve
optimized nitrogen management in apple production, maximizing both growth and yield, and can
be used for the development of multispectral sensors [174].

Here, we present a study that applied near-infrared spectroscopy and multivariate data analysis
to discriminate between infected and non-infected apple trees with 'Candidatus Phytoplasma mali'.
For 2 years, samples were collected from 3 orchards, and principal component analysis and
classification models were developed to analyze spectral data. The model accuracy increased in the
vegetation season and showed the best results in fall. The detection of symptoms was highly reliable,
even in asymptomatic leaves from infected trees, indicating that spectral analysis is a consistent
method for the identification of Apple Proliferation before any symptoms become visible. The
differentiation was confirmed by several key wavelengths associated with lowered carbohydrates
and nitrogen compounds, indicating that this approach has the potential for future applications
related to the modernization of agriculture and smart farms [175]. We used Vis-NIR spectroscopy to
detect early plant stress in apple trees under challenge with apple scab, waterlogging, and
herbicides. We acquired spectral signatures of leaves spectroradiometer, and established machine-
learning models to detect stress and classify stress types, 1-5 d postexposure. The models performed
well with an accuracy ranging from 0.94 to 1 to identify the Lauda leaf stress presence early from a
large hyperspectral dataset, whilst the relevant key wavelengths were associated with photosynthesis
(684 nm) and starch accumulation (1800-1900 nm) [20,21]. The results demonstrate the capacity of
spectral technology and machine learning for early plant stress diagnosis, which can help reduce
environmental impact by optimising resource use in agricultural settings [176].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.1050.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 May 2025 d0i:10.20944/preprints202505.1050.v1

32 of 45

The main goal of this paper is to study the significance of remote sensing in the field of land
feature analysis especially in the area of land cover mapping using IRS LISS IV multi-spectral data.
The study focuses on the time and cost-exigent nature of manual classification and proposes the
solution of classifying using algorithms, which also includes supervised, unsupervised, and object-
based classifiers. And it compares two supervised classification methods namely, Maximum
Likelihood and Support Vector Machine (SVM). In [177], the study agrees with the literature that
machine learning methods like SVM outperform Maximum Likelihood in accuracy and that this
study is compares SVM results to Maximum likelihood for optical data classification; it also suggests
a simple, efficient phase for high-resolution land cover analysis.[177].In orchard environments,
occlusion and structure are a challenge for fruit detection and a solution was proposed using an RGB-
D camera system in this study. The combined RGB and 3D-based algorithm correctly identified 100%
of visible and 82% of partially occluded red and bicoloured apples, with a mean location error of less
than 10 mm. The quick processing time (< 1s for 20 apples) benefits the robotic harvesting scenarios
[178].  Cucumber and cement mortar were evaluated to improve dielectric permittivity
characterization for non-destructive crack detection. Using 143 features in 13 frequencies (100 Hz-
3.98 MHz), a total of 36 differential electric features were picked out as crucial indicators. Also,
principal component analysis (PCA) and classifiers such as MLP and Fisher Discriminant reached up
to 95.4% accuracy. Using MLP or RBF, the low-frequency loss factor achieved 100% accuracy, which
suggested the possibility of developing a classified detection system for watercore in a highly efficient
and cost-effective manner [179]. A fruit detection algorithm that combines color, depth, and 3D
shape information for robotic harvesting. It segments the depth frames from RGB images, runs region
growing for clustering, and M-estimator sample consensus to detect the 3D fruit shape. SVM
classification with a global point cloud descriptor (GPCD) used coverage to reduce false positives.
Its accuracy was maintained at high precision (0.8640 — 0.8880) and high recall (0.7620-0.8890) on
pepper, eggplant and guava datasets demonstrating its efficiency and capability in real-time nature
[180].

The use of X-ray radiographic imaging to identify internal defects of five different apple cultivars
(RD, GD, FJ, GS, BR) from Washington State. Four hundred to seven hundred apples of each cultivar
with and without defects (e.g., bruising, rot, insect damage, watercore) were imaged using film- and
online line-scanning systems in both axial and radial views. In a paper comparing human inspection,
still images showed good recognition (>50% detection, <10% false positives), with specific defects
such as rot and water core (protein), showing huge improvement once the apple orientation was
controlled to a fixed range. At commercial speeds of inspection, however, recognition accuracy fell
off dramatically. Very limited human inspection: When automated machine vision replaces human
inspection, the same X-ray inspection method can be applied to defects in fruit and improve
efficiency in high-throughput fruit sorting [181].

Deep learning: Internal apple defects were detected through X-ray imaging using Google Net
deep learning achieving an accuracy of up to 100% with robust and generalizable detection for
practical applications within the agrifood industry [182]. X-ray imaging based on density differences
is a non-destructive technique that has been developed to detect mould core disease in apples. An
SVM model was trained on features extracted from the fresh internal images. The average detection
accuracy was 91.03% for mould core apples and 95.95% for healthy apples using the method [183].
X-ray Dark-Field Radiography for Non-Invasive Detection of Internal Browning in Controlled
Atmosphere (CA) Stored 'Braeburn' Apples. It utilized microscale differences to outperform
absorption radiography by 10% in the early-stage disorder detection. In the early stages, its diagnostic
ability was confirmed to be superior using machine learning analysis, and during later stages
performance was similar. This method holds considerable promise as a non-destructive means of
assuring fruit quality [184]. Spectral disease indices are published for the detection of wheat leaf rust
based on reflectance data (450-1000nm) collected from infected and healthy leaves. The estimated
symptom-specific reflectance was achieved via spectral mixture and RGB image analyses. These
Specific wavelengths and SVIs have been used to detect with high accuracy (R?=0.94), which allows
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the different stages of the disease progression to be detected with SVIs derived from 605, 695, and
455nm wavelengths [185]. In another study, multispectral imaging was applied in reflection and
fluorescence modes to identify defects of three apple varieties. Artificial neural networks were
utilized for two- and multi-class classification of 18 spectral images for each apple. Honeycrisp
performed best with combined modes, whereas Redcort and Red Delicious performed better with
single-mode imaging. This method allows for non-invasive detection of a multitude of apple
disorders [186].

For example, Heyens and Valcke (2004) [187] used fluorescence imaging to investigate early
infection patterns of Erwinia amylovora on apple leaves. It enabled non-destructive observation of
pathogen-host interactions during the early stages of fire blight infections. Highlights were
introduced on the contributions for disease development, as well as the prospects of fluorescence
imaging for early detection and management of fire blight in apples. Liu et al. [188] conducted
hyperspectral imaging to assess apple mosaic virus (AMV) using a predictive model that estimates
leaf chlorophyll content (LCC). Based on 360 infected leaves, optimal wavelengths were chosen
through competitive adaptive reweighted sampling. This resulted in an LCC inversion using a
Boosting and Stacking model with Rv2R"2_v = 0.9644. With 98.89% accuracy, disease severity was
precisely classified, providing a non-destructive and quantitative leaf-level diagnostic approach.
Here we present a new strain-sensitive unique NDT technique for composite structures using
hyperspectral image analysis with a Band Elimination index. The approach produces matrices for
smart damage classification and property prediction by filtering out specific spectral bands and
analysing correlations between consecutive thermal images. The results indicate that this can be used
when detecting and modelling different types of structural damage for different conditions [189].

5. Future Trends and Research Directions:

5.1. The Convergence of IoT with Edge Computing:

In agricultural disease monitoring, IoT convergence with edge computing [200] is finding new
applications in the form of real-time analytics performing in-field as an example of other use cases. It
enables always-on environmental sensors, drones, and imaging systems to capture data with
minimal latency and no cloud server dependence. Saleheen et al., One recent study [190] proposed
an IoT-based smart agriculture monitoring system that highlighted the importance of integrating
sensors and processing units to minimize the time of data interpretation and possibly deploy
decisions faster and more locally. In addition, Neware and Khan (2018) [191] discussed the software
developments relating to satellite data analytics in agriculture, providing another evidence of the
potential of integrating remote sensing and IoT. Jiang et al. (2021) [192] emphasized how well deep
learning in conjunction with the IoT platforms can produce highly accurate results in the detection of
diseases such as apple fruit diseases, illustrating that on-field sensors and real-time disease
predictions work hand in hand with prevention regimes.

5.2. Resource-Constrained Environments’ Lightweight Models:

Models must be lightweight and designed for the trade-off of performance and accuracy to
facilitate deployment in operational environments of agricultural systems with limited resources. Opt
for Lightweight Models — Lightweight models like MobileNet and ShuffleNet are optimized for
running on edge devices, like smartphones or low-power embedded systems. As pointed out by
Neware and Khan in (2018) [193], these models are especially beneficial in the scenario of satellite- or
drone-based image acquisition, where infrastructure limitations create a need for low-complexity
models. Low-memory and low-energy-use lightweight models ease in-field or in-laboratory on-the-
spot disease detection and classification for farmers in sparse or low-income segments.

5.3. Explainable Al for Better Decision-Making:
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Explainable AI (XAI) is important in precision agriculture as it also helps stakeholders
understand and trust model predictions. Ryo (2022) [194] reflects on how explainable models
facilitate better model interpretation in the case of complex agricultural datasets. Casement et al. (AI,
2024) [195] explain that XAI improves decision-making by providing insight into the reasoning
behind AI predictions. Additionally, Ali et al. (2023) [196] consider trustworthiness a key outcome of
explainability, something salient in areas like agriculture where automated insights lead to actionable
decisions. XAI frameworks help not just in making these systems accountable but also narrow the
gap between what professionals (farmers and agronomists) understand and what Al systems do.

6. Conclusion:

We present a systematic review evaluating the recent trends in the state-of-the-art techniques
used in the detection and classification of apple leaf diseases, involving ML, DL, transfer learning,
lightweight architectures, and image processing techniques. The deep learning models were able to
achieve the best performance as compared to other machine learning models, with both accuracy and
F1-scores in the range of 95% or better, especially by CNNs and object detection frameworks based
on YOLO. They learn the spatial hierarchies and feature abstractions required to capture subtle, early
disease symptoms found in complex orchard environments.

Specifically, transfer learning approaches using pre-trained models such as ResNet, DenseNet,
MobileNetV2, and VGG19 have demonstrated robust generalization ability to varied conditions,
especially when the amount of labelled data is limited. The lightweight models MEAN-SSD,
BAMNet, MCDCNet and BCTNet were addressed on account of their favourable trade-off between
computational cost and accuracy, making them suitable for real-time deployment on edge devices
contending in the field.

Simplicity, interpretability, or limited resource constraints are often more important for certain
applications, where traditional machine learning (ML) methods like Support Vector Machines (SVM),
Naive Bayes, k-means clustering, and others still have their value. However, in terms of handling
high-dimensional image data and complex visual features, so far their performance comes short of
DL-based methods. Moreover, machine vision systems and advanced imaging techniques—
hyperspectral, multispectral, and X-ray imaging in particular —have contributed significantly to non-
invasive disease monitoring and early stress detection, thus providing complementary value to Al-
based methods.

Conclusively, CNN and YOLO architectures dominate in terms of prediction accuracy and
robustness followed by using transfer learning and attention mechanisms (CBAM, BAM, H-SimAM)
which have been shown to improve performance further. Future works need to focus on Explainable
Al (XAI) to enhance the transparency and trust mechanism of the classifier, construction of hybrid
models to increase detection robustness, and scalable as well as cost-effective solutions of the
architecture by leveraging IoT and edge computing for in-field diagnostics. Thus, the integration of
Al and precision agriculture has the potential to transform disease management in apple farming
through early diagnosis, targeted responses, and sustainable yield improvement.
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