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ABSTRACT 

 
Apple production, a cornerstone of global agriculture, faces significant threats from diseases such as apple scab, fire 

blight, powdery mildew, and cedar apple rust, which reduce yield, quality, and sustainability. Early and accurate disease 

classification is essential to mitigate economic losses and ensure food security. This paper evaluates traditional and modern 

approaches to apple plant disease classification, including manual visual diagnosis, image-based techniques, and molecular 

methods like PCR and ELISA. While traditional methods are accessible but error-prone, advanced technologies such as machine 

learning, deep learning, and sensor-based systems offer high accuracy and scalability, achieving up to 95% detection rates in 

controlled settings. Challenges, including limited labeled datasets, high computational costs, and poor model generalization 

across apple varieties and regions, hinder widespread adoption. Emerging trends, such as generative AI, explainable AI, drone-

based monitoring, and edge computing, promise to enhance real-time diagnostics and accessibility. The paper also explores 

opportunities for integrating these technologies with precision agriculture to optimize orchard management and promote 

sustainability. By synthesizing current methods, technologies, and research gaps, this paper provides a comprehensive roadmap 

for researchers, farmers, and policymakers to advance apple disease management, fostering sustainable agricultural practices 

and global food security. 
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I. INTRODUCTION 
 

Apples are among the most economically and culturally significant fruit crops globally, contributing billions to 

agricultural economies and supporting food security in numerous countries. In 2024/25, global apple production is forecast 

at 84.0 million tons, with major producers including China (48 million tons), the European Union (11.01 million tons), and 

the United States (4.89 million tons). However, apple orchards face persistent threats from diseases such as apple scab 

(Venturia inaequalis), fire blight (Erwinia amylovora), and powdery mildew (Podosphaera leucotricha), which reduce 

yield, degrade fruit quality, and increase production costs [1], [2]. These diseases lead to significant economic losses, with 

U.S. impacts alone exceeding $100 million annually from fire blight outbreaks and millions more from other biotic stresses 

in a $15 billion industry [20]. 

Accurate and timely disease identification remains a critical challenge. Diverse pathogens, including fungi, 

bacteria, and viruses, cause symptoms that often overlap, complicating diagnosis. Traditional methods such as visual 

inspection by farmers or laboratory-based testing are labor-intensive, time-consuming, and prone to errors, particularly in 

large-scale orchards [3], [4]. Recent deep learning approaches have addressed some limitations but still face issues like 

dataset variability and computational demands [5], [6]. 

This paper aims to evaluate current methods and technologies for apple plant disease classification, spanning 

conventional techniques to cutting-edge innovations, and to explore future directions for improving diagnostic accuracy 
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and orchard management [7],[8], [9]. It focuses on major fungal, bacterial, and viral diseases affecting apples, with an 

emphasis on modern classification tools, including machine learning, deep learning, and sensor-based technologies. By 

synthesizing recent advancements and identifying research gaps, this paper seeks to guide stakeholders toward sustainable 

solutions for apple disease management. 

 

II. BACKGROUND AND OVERVIEW OF APPLE PLANT DISEASES 
 

This section examines common diseases, their impact, and traditional methods of detection. Common diseases 

describe major apple diseases (e.g., apple scab, fire blight, powdery mildew, cedar apple rust) and their symptoms. In 

impact, discuss the economic and ecological consequences of diseases. Traditional detection methods highlight the 

conventional approaches (e.g., visual inspection, laboratory testing) and their limitations. 

2.1 Common Diseases 

Apple crops are susceptible to a range of diseases caused by fungi, bacteria, and viruses, which significantly affect 

yield and quality. Common apple plant diseases are shown in Figure 1. 

 

 
Figure 1. Common Apple Plant Diseases. 

 

• Apple Scab: Caused by Venturia inaequalis, this fungal disease presents as dark, velvety lesions on leaves and 

fruit, leading to fruit deformation and reduced marketability [1], [3]. 

• Fire Blight: A bacterial disease caused by Erwinia amylovora, characterized by wilting, blackened shoots, and a 

"burned" appearance, often devastating entire orchards [2], [20]. 

• Powdery Mildew: Triggered by Podosphaera leucotricha, it manifests as white, powdery coatings on leaves and 

buds, reducing photosynthesis and fruit quality [4]. 

• Cedar Apple Rust: Caused by Gymnosporangium juniperi-virginianae, this fungal disease produces yellow-

orange pustules on leaves and fruit, impairing growth and aesthetics [9]. 

These diseases vary in symptom expression, often overlapping, which complicates accurate identification [3]. 

2.2 Impact 

Apple diseases have profound economic and ecological consequences. Economically, diseases like fire blight 

cause losses exceeding $100 million annually in the U.S. alone, within a $15 billion apple industry [20]. Globally, yield 

reductions of 20–30% are reported in affected regions, resulting in increased production costs due to control measures and 

reduced marketability of blemished fruit. Ecologically, heavy reliance on chemical controls contributes to soil and water 

contamination, disrupts pollinator populations, and promotes pesticide resistance [2], [5]. These impacts threaten 

sustainable agriculture and biodiversity in apple-growing regions. 

2.3 Traditional Detection Methods 

Conventional approaches to apple disease detection include visual inspection by farmers or trained pathologists 

and laboratory-based methods. Visual inspection relies on identifying symptoms like lesions or wilting but is subjective 

and error-prone, especially for early-stage or overlapping symptoms [4], [6]. Laboratory techniques, such as polymerase 

chain reaction (PCR) and enzyme-linked immunosorbent assay (ELISA), offer high accuracy but require specialized 

equipment, trained personnel, and time-consuming sample processing [3], [7]. These methods are impractical for real-time, 

large-scale orchard monitoring, limiting their scalability and accessibility for small-scale farmers [5]. 

 

III. METHODS FOR DISEASE CLASSIFICATION 
 

This section explores the manual and expert-based methods, image-based methods, molecular and biochemical 

methods, and their comparison. Manual and expert-based methods describe the traditional visual diagnosis by farmers or 

pathologists. Image-based methods cover techniques like digital imaging and symptom analysis. In molecular and 
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biochemical methods, review PCR, ELISA, and other lab-based diagnostic tools. Comparison highlights strengths, 

limitations, and scalability of each method. 

3.1 Manual and Expert-Based Methods 

Traditional apple disease classification relies heavily on manual visual diagnosis by farmers or trained plant 

pathologists. This approach involves inspecting trees for visible symptoms such as lesions, wilting, or discoloration, as 

seen in diseases like apple scab (Venturia inaequalis) or fire blight (Erwinia amylovora) [1], [3]. Experts may use 

diagnostic guides or field experience to identify pathogens based on symptom patterns. While widely practiced due to its 

low cost and accessibility, manual diagnosis is subjective, prone to human error, and ineffective for early-stage or 

asymptomatic infections [4], [6]. The method’s reliance on expertise limits its scalability, particularly in large orchards or 

regions with limited access to trained pathologists [3]. 

3.2 Image-Based Methods 

Image-based methods leverage digital imaging and symptom analysis to classify apple diseases. High-resolution 

cameras capture leaf, fruit, or branch images, which are analyzed for visual cues like lesions or color changes [2], [5]. 

Early techniques used manual feature extraction (e.g., color histograms, texture analysis), while recent advancements 

incorporate automated image processing to detect disease-specific patterns [1]. For instance, digital imaging has been 

applied to identify powdery mildew (Podosphaera leucotricha) through white coating detection on leaves [4]. These 

methods are non-invasive and suitable for field use but struggle with symptom overlap, lighting variations, and the need for 

high-quality images [5], [9]. 

3.3 Molecular and Biochemical Methods 

Molecular and biochemical methods, such as polymerase chain reaction (PCR) and enzyme-linked 

immunosorbent assay (ELISA), offer high-precision diagnosis by detecting pathogen-specific DNA, RNA, or proteins [3], 

[7],[10]. PCR amplifies pathogen genetic material for identification, widely used for diseases like fire blight [2]. ELISA 

detects antigens associated with pathogens like Venturia inaequalis [7]. These methods are highly accurate and capable of 

early detection but require specialized laboratory equipment, trained personnel, and time-consuming sample preparation 

[6]. Their high cost and low throughput make them impractical for real-time, large-scale orchard monitoring [3], [5],[11]. 

3.4 Comparison 

Manual methods are cost-effective and accessible but lack precision and scalability, especially for early detection 

[4]. Image-based methods offer non-invasive, field-applicable solutions with moderate scalability, yet their accuracy 

depends on image quality and symptom distinctiveness [2], [5]. Molecular methods excel in accuracy and early detection 

but are hindered by cost, time, and laboratory dependence [7],[12]. Scalability is highest for image-based methods when 

paired with automated analysis, while manual methods are limited by human resources, and molecular methods are 

constrained by infrastructure [3], [9], [13]. Integrating these approaches with modern technologies, such as machine 

learning, could address their respective limitations [1], [2]. 

 

IV. TECHNOLOGIES IN APPLE PLANT DISEASE CLASSIFICATION 
 

This section explores the different technologies for apple plant disease classification. The common classification 

techniques are shown in Figure 2. 

 

 
Figure 2. The common Technologies for Apple Plant Disease Classification. 

 

4.1 Machine Learning (ML) 

Machine learning (ML) has transformed apple disease classification by enabling automated, data-driven 

diagnosis. Supervised ML models, such as support vector machines (SVM) and decision trees, to classify diseases by 
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learning from labeled datasets of leaf or fruit images [1], [6]. For example, SVM models have achieved accuracies above 

85% in detecting apple scab (Venturia inaequalis) by analyzing texture and color features [3]. Unsupervised methods, like 

k-means clustering, group similar symptom patterns without prior labeling, useful for identifying novel diseases [4]. 

Despite their effectiveness, ML models require extensive feature engineering and struggle with complex, high-dimensional 

data [1], [5]. 

4.2 Deep Learning (DL) 

Deep learning, particularly convolutional neural networks (CNNs), excels in image-based apple disease 

classification. CNNs automatically extract features from images, outperforming traditional ML in accuracy [2], [5]. Models 

like ResNet and VGG, often used via transfer learning, achieve over 90% accuracy in classifying diseases such as fire 

blight (Erwinia amylovora) and powdery mildew (Podosphaera leucotricha) [5], [9]. Transfer learning leverages pre-

trained models to overcome limited dataset sizes, enabling robust performance in orchard settings [2],[14],[15]. However, 

DL models demand significant computational resources and large annotated datasets, limiting accessibility for small-scale 

farmers [3]. 

4.3 Sensor Technologies 

Sensor technologies enhance real-time disease monitoring in apple orchards. Hyperspectral imaging captures 

spectral data to detect subtle biochemical changes, identifying early-stage infections like cedar apple rust 

(Gymnosporangium juniperi-virginianae) with up to 95% accuracy [7]. Thermal imaging detects temperature variations 

caused by disease-induced stress, useful for fire blight detection [4]. IoT-based sensors, integrated with weather stations, 

monitor environmental factors (e.g., humidity, temperature) to predict disease outbreaks [2]. These technologies enable 

non-invasive, scalable monitoring but face challenges like high costs and data processing complexity [5]. 

4.4 Data Integration 

Multi-modal data integration combines imaging, environmental, and molecular data for comprehensive disease 

classification. For instance, combining hyperspectral images with weather data improves prediction accuracy for apple 

scab outbreaks [7]. Machine learning frameworks integrate PCR results with image-based features to enhance diagnostic 

precision [3]. These approaches leverage complementary data sources to address symptom overlap and improve robustness 

[2], [9]. However, integrating heterogeneous data requires advanced computational infrastructure and standardized 

protocols, posing scalability challenges [5]. 

 

V. CHALLENGES IN DISEASE CLASSIFICATION 
 

This section explores the data limitations, technical barriers, and generations. Data limitations address issues like 

limited labeled datasets, variability in disease symptoms, and environmental factors. In technological barriers, discuss high 

costs, computational requirements, and accessibility for small-scale farmers. Generalization highlights challenges in model 

generalization across apple varieties and regions. 

5.1 Data Limitations 

Effective apple disease classification relies on robust datasets, yet several data-related challenges persist. Limited 

labeled datasets hinder the training of machine learning (ML) and deep learning (DL) models, as high-quality, annotated 

images of diseases like apple scab (Venturia inaequalis) or fire blight (Erwinia amylovora) are scarce [1], [3]. Variability 

in disease symptoms, such as overlapping lesion patterns in powdery mildew (Podosphaera leucotricha) and cedar apple 

rust (Gymnosporangium juniperi-virginianae), complicates accurate classification [5], [9], [16]. Environmental factors, 

including lighting conditions, humidity, and seasonal changes, further introduce noise in image-based datasets, reducing 

model reliability [2], [4]. These issues limit the development of scalable, automated diagnostic systems. 

5.2 Technological Barriers 

Advanced technologies like deep learning and hyperspectral imaging require significant computational resources 

and infrastructure, posing barriers to adoption. High costs of hardware, such as GPU clusters for training CNNs or 

hyperspectral cameras, make these solutions inaccessible to small-scale farmers [3], [5]. For instance, implementing IoT-

based sensor networks for real-time monitoring involves expensive setup and maintenance, limiting their use in resource-

constrained regions [2]. Additionally, the technical expertise required to operate and interpret outputs from these systems is 

often unavailable in rural agricultural settings, further restricting accessibility [4], [6]. 

5.3 Generalization 

Generalizing disease classification models across diverse apple varieties and geographic regions remains a 

significant challenge. Models trained on specific datasets, such as those from a single apple cultivar or region, often fail to 

perform well on others due to variations in symptom expression and environmental conditions [1], [9]. For example, a 

CNN model trained on U.S. orchard data may struggle to classify diseases in Asian or European orchards due to 

differences in climate or apple genotypes [5]. Transfer learning with models like ResNet mitigates this to some extent, but 

achieving robust generalization requires diverse, representative datasets and adaptive algorithms, which are still under 

development [2], [3], []. 
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VI. FUTURE TRENDS AND OPPORTUNITIES 
 

This section explores the emerging technologies, integration with precision agriculture, sustainability, and 

scalability, and research gaps. Emerging Technologies explores advancements in AI (e.g., generative models, explainable 

AI), drone-based monitoring, and edge computing. In Integration with Precision Agriculture, discuss about potential for 

integrating disease classification with automated orchard management systems. Sustainability and Scalability: Highlights 

opportunities for low-cost, scalable solutions for global adoption. Research Gaps helps to identify areas needing further 

investigation (e.g., real-time detection, cross-disease classification). 

6.1 Emerging Technologies 

Advancements in artificial intelligence (AI) are poised to revolutionize apple plant disease classification. 

Generative models, such as generative adversarial networks (GANs), can augment limited datasets by synthesizing realistic 

images of diseased apple leaves, addressing data scarcity for diseases like apple scab (Venturia inaequalis) [1], [2]. 

Explainable AI (XAI) enhances model transparency by providing interpretable outputs, crucial for building trust among 

farmers using deep learning models like CNNs [5], [9]. Drone-based monitoring, equipped with high-resolution and 

hyperspectral cameras, enables large-scale, real-time disease detection across orchards, improving early identification of 

fire blight (Erwinia amylovora) [2], [4]. Edge computing, by processing data on-site via low-power devices, reduces 

latency and computational costs, making advanced diagnostics feasible in remote areas [5], [7]. 

6.2 Integration with Precision Agriculture 

Integrating disease classification with precision agriculture systems offers significant potential for automated 

orchard management. AI-driven disease detection can be coupled with IoT-based irrigation and pesticide application 

systems to deliver targeted treatments, minimizing chemical use and environmental impact [2], [3]. For instance, 

combining CNN-based classification with drone-delivered sprays optimizes control of powdery mildew (Podosphaera 

leucotricha) [5]. Real-time data from IoT sensors, such as humidity and temperature monitors, can feed into predictive 

models to anticipate disease outbreaks, enabling proactive management [4], [9]. Such integration enhances efficiency and 

supports sustainable orchard practices. 

6.3 Sustainability and Scalability 

Developing low-cost, scalable solutions is critical for global adoption, particularly for small-scale farmers. Open-

source ML frameworks and affordable sensors, such as low-cost hyperspectral cameras, can democratize access to 

advanced diagnostics [3], [5]. Cloud-based platforms reduce the need for expensive on-site hardware, enabling farmers in 

developing regions to leverage AI tools [2]. Mobile applications integrating lightweight CNN models, like MobileNet, 

offer scalable, user-friendly disease classification for resource-constrained settings [1], [6]. These solutions promote 

sustainable agriculture by reducing pesticide overuse and improving yield efficiency. 

6.4 Research Gaps 

Despite progress, several research gaps remain. Real-time detection systems, essential for timely interventions, are 

limited by processing speeds and environmental variability [4], [5]. Cross-disease classification, where models 

simultaneously identify multiple diseases (e.g., apple scab and cedar apple rust), requires more robust multi-label 

algorithms [9]. Generalization across diverse apple varieties and regions is hindered by dataset biases, necessitating 

globally representative data [3]. Additionally, integrating molecular data with imaging for hybrid diagnostics remains 

underexplored [7]. Addressing these gaps will enhance the accuracy and applicability of disease classification systems. 

 

VII. CONCLUSION 
 

This review has evaluated methods and technologies for apple plant disease classification, revealing their 

strengths, limitations, and transformative potential for orchard management. Traditional manual and expert-based 

approaches, while accessible, are subjective and lack scalability, making them unsuitable for early or large-scale detection 

of diseases like apple scab and fire blight. Image-based methods using digital imaging provide non-invasive alternatives 

but struggle with symptom overlap and environmental variability. Molecular techniques, such as PCR and ELISA, offer 

high accuracy but are limited by cost and laboratory requirements. Advanced technologies, including machine learning 

models like SVM and decision trees, deep learning with convolutional neural networks, and sensor-based systems like 

hyperspectral imaging and IoT, have significantly enhanced detection accuracy, reaching up to 95% in controlled settings. 

These technologies enable rapid, scalable diagnosis, reducing yield losses and improving agricultural outcomes through 

timely interventions. 

The integration of artificial intelligence, sensor technologies, and multi-modal data fusion has revolutionized 

disease management, supporting precision agriculture and sustainable practices. However, challenges such as limited 

labeled datasets, high computational costs, and poor model generalization across apple varieties and regions remain. Future 

innovations, including generative AI, explainable AI, drone-based monitoring, and edge computing, hold promise for 

overcoming these barriers by improving data availability, transparency, and accessibility. By addressing research gaps in 
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real-time detection and cross-disease classification, these advancements could transform apple disease management, 

ensuring global food security and sustainable agriculture amid rising biotic stresses. 
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