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Abstract  
The rapid growth of computer vision and image processing has transformed agricultural automation, 

particularly in fruit recognition systems. Apples, due to their economic value and diverse visual 

characteristics, have become a primary focus of automated grading, harvesting, and quality inspection 

research. This paper presents a structured review of apple recognition techniques, covering image 

acquisition, preprocessing, segmentation, feature extraction, and classification. Both traditional machine 

vision approaches and modern deep learning-based methods are analyzed. The study discusses real-world 

challenges such as lighting variation, occlusion, and varietal differences, as well as emerging trends 

including multi-sensor fusion, lightweight deep models, and 3D reconstruction. Results from existing 

literature highlight significant progress in precision, speed, and robustness, underscoring the role of AI-

driven techniques in shaping the future of smart apple agriculture. 
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I. Introduction 

Automation in agriculture has increasingly 

leveraged computer vision and artificial 

intelligence to enhance productivity, efficiency, and 

quality management. Apple fruit recognition plays 

a vital role in tasks such as automated sorting, 

grading, disease detection, yield estimation, and 

robotic harvesting. With advancements in sensing 

technologies and machine learning, recognition 

systems are becoming more robust and capable of 

operating in natural orchard environments. 

However, challenges—such as lighting variability, 

occlusion, and orchard complexity—necessitate 

continuous research to improve recognition 

accuracy and efficiency. 

This paper provides a comprehensive review of the 

core image processing and deep learning methods 

used for apple fruit recognition, along with current 

trends, limitations, and future opportunities. 

II. Literature Review 

Apple recognition research spans several areas, 

including sorting and grading, disease detection, 

harvesting automation, and yield estimation. 

A. Sorting and Grading 

Machine vision systems have achieved high 

performance in sorting apples based on size, color, 

and defects, with accuracies reaching 99.7% in 

controlled environments [1], [2]. Vision-based 

methods in post-harvest centers employ RGB 

imaging, laser scanning, and high-speed processing 

for reliable quality assessment [3], [4]. 

B. Disease Detection 

Hyperspectral imaging and spectroscopy enable 

non-destructive evaluation of apple diseases, such 

as rot and fungal infections [5]. CNN-based disease 

classification has shown effectiveness in detecting 

apple scab and other leaf diseases using annotated 

datasets [6], [7]. 

C. Yield Estimation 

Deep learning-based object detectors such as 

YOLOv5 support yield estimation by counting 

apples in orchard environments with high 

variability [8], [9]. UAV platforms equipped with 

such models provide real-time productivity 

insights. 

D. Robotic Harvesting 

Robotic harvesters integrate RGB-D cameras and 

LiDAR for real-time fruit localization. Commercial 

systems demonstrate up to 80% successful pick 

rates using integrated depth sensing and vision 

systems [10], [11]. 

E. Environmental Robustness 

Models such as Faster R-CNN and YOLOv5, 

enhanced with data augmentation and transfer 

learning, improve detection accuracy across 

changing environmental conditions [8], [12], [13]. 

III. Research Methodology 

This review synthesizes research contributions 

across five core stages of apple recognition 

systems: image acquisition, preprocessing, 

segmentation, feature extraction, and classification. 

A. Image Acquisition 

Apple imagery is collected using RGB, RGB-D, 

hyperspectral, and thermal cameras [14]–[16]. Data 

collection platforms include UAVs, ground robots, 

and fixed post-harvest systems [17]. 

B. Image Preprocessing 

Preprocessing improves image quality through 

noise reduction, histogram equalization, color space 

conversion, and normalization [20]–[23]. 

C. Segmentation Approaches 

Segmentation isolates apples from background 

foliage and clutter. Techniques include thresholding 
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(Otsu), edge detection, region-based methods, 

clustering (k-means), and deep learning 

architectures such as U-Net, Mask R-CNN, and 

YOLOv8-seg [24], [25]. 

D. Feature Extraction 

Hand-crafted features include color descriptors, 

shape parameters (area, perimeter), texture 

descriptors (GLCM, LBP), and geometric metrics 

[26]–[31]. 

E. Classification and Recognition 

Traditional machine learning methods (SVM, 

KNN, Random Forest) are used for basic 

classification, while advanced deep learning 

approaches (CNNs, YOLO variants, Faster R-

CNN) outperform them in complex orchard scenes 

[32]–[39]. 

IV. Results & Discussion 

Existing research demonstrates significant 

advancements in automated apple recognition: 

A. Recognition Accuracy 

Deep learning models such as YOLOv5 and 

YOLOv8 achieve high detection accuracy even 

under occlusions and variable lighting, 

outperforming traditional methods in real-world 

orchard settings [33], [39]. 

B. Real-Time Performance 

Lightweight models and hardware accelerators 

enable real-time inference on robotic platforms. 

Embedded systems have achieved live detection at 

high FPS for field operations [34], [38]. 

C. Disease Detection Reliability 

CNN-based models achieve strong generalization 

in identifying diseases such as apple scab, bruise 

detection, and early infection identification, 

maximizing precision in quality control [6], [30]. 

D. Harvesting and Yield Estimation 

3D sensing and multi-sensor fusion significantly 

enhance fruit localization accuracy, improving 

yield estimation and robotic picking success rates 

[4], [45], [48]. 

E. Key Challenges 

Despite progress, challenges remain: 

 Lighting variability affects color-based 

segmentation. 

 Occlusion and clustering reduce detection 

accuracy. 

 Varietal differences require large, diverse 

datasets. 

 Real-time constraints demand lightweight, 

optimized models. 

These limitations guide future improvements in 

system robustness and adaptability. 

V. Conclusion 

Apple recognition is an essential component of 

smart agricultural systems, enabling automated 

grading, harvesting, disease detection, and yield 

estimation. Image processing and deep learning 

techniques have significantly enhanced recognition 

accuracy and operational efficiency. While state-of-

the-art models demonstrate strong performance, 

environmental variability, occlusion, and real-time 

requirements remain ongoing challenges. Future 

research promises further improvements through 

multi-sensor fusion, transfer learning, lightweight 

neural architectures, and 3D reconstruction. The 

advancements in apple recognition technology will 

continue to drive the transformation of traditional 

apple farming into highly efficient, data-driven 

agriculture. 
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