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Abstract

Fruit image analysis has become an essential research area in precision agriculture, enabling automated fruit
classification, quality grading, maturity estimation, disease diagnosis, yield prediction, and intelligent harvesting
through advances in computer vision and artificial intelligence (AI). Recent progress in imaging technologies,
large-scale benchmark datasets, and deep learning has substantially improved the accuracy, robustness, and
scalability of automated fruit analysis systems. This survey presents a comprehensive and systematic review of
image processing and Al techniques for fruit image analysis. It covers the complete image analysis pipeline,
including image acquisition, preprocessing, enhancement, color space transformation, segmentation, feature
extraction, and handcrafted texture descriptors. Furthermore, conventional machine learning algorithms are
reviewed alongside state-of-the-art deep learning architectures, including Convolutional Neural Networks
(CNNSs), Vision Transformers (ViTs), and Vision Mamba models, for applications such as fruit recognition,
quality assessment, disease detection, ripeness estimation, and object detection. Publicly available benchmark
datasets, evaluation metrics, and performance comparison strategies are also summarized to facilitate objective
assessment of existing approaches. In addition, the survey discusses key research challenges, including
illumination variations, occlusion, complex orchard environments, limited annotated datasets, computational
complexity, and domain adaptation, while highlighting emerging research trends such as self-supervised
learning, multimodal learning, explainable Al, lightweight deep networks, foundation models, and edge
intelligence for real-time deployment. By providing a unified review of methodologies, datasets, evaluation
protocols, challenges, and future research directions, this survey offers a comprehensive reference for
researchers and practitioners developing intelligent and scalable fruit image analysis systems for precision
agriculture.
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1. Introduction significant attention as efficient alternatives to
conventional manual inspection [1].
The rapid advancement of computer vision, image

processing, and artificial intelligence (AI) has Traditional fruit inspection relies on visual
transformed modern agriculture by enabling assessment by human experts based on
automated monitoring, quality assessment, and characteristics such as color, shape, size, texture,
disease diagnosis of agricultural products. Among and surface defects. Although effective to some
agricultural commodities, fruits are economically extent, manual inspection is labor-intensive, time-
important due to their nutritional value, market consuming, subjective, and prone to inconsistencies
demand, and contribution to global food security. caused by fatigue and environmental variations.
Maintaining fruit quality throughout cultivation, These limitations have motivated the development
harvesting, storage, and distribution is essential for of machine vision systems capable of providing
reducing post-harvest losses and improving rapid, objective, and reliable fruit analysis with
productivity. Consequently, automated fruit minimal human intervention [2].

detection and classification systems have gained
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Recent advances in imaging sensors, machine
learning (ML), and deep learning (DL) have
significantly improved the performance of
automated fruit detection systems. Modern Al-
based approaches can accurately identify fruit
varieties, estimate ripeness, detect diseases, assess
quality, and support yield estimation under diverse
environmental conditions. Convolutional Neural
Networks (CNNs), Vision Transformers (ViTs),
and object detection frameworks such as YOLO
and Faster R-CNN have demonstrated remarkable
accuracy and robustness in fruit recognition tasks,
making them valuable tools for precision
agriculture, intelligent harvesting, supply chain
management, and food quality assurance [3].

This survey presents a comprehensive review of
image processing and Al techniques for automated
fruit detection and classification. It summarizes
conventional image processing methods, ML
algorithms, and state-of-the-art DL models,
discusses publicly available datasets and evaluation
metrics, identifies current research challenges, and
highlights future research directions for developing
accurate, efficient, and scalable fruit detection
systems.

2. Need for Automated Fruit Detection

The increasing demand for high-quality fruit
production has highlighted the limitations of
manual fruit inspection, which is labor-intensive,
time-consuming, and prone to subjective errors.
Automated fruit image analysis addresses these
challenges by integrating image processing,
computer vision, and artificial intelligence to
enable rapid and accurate fruit classification,
disease detection, ripeness estimation, and quality
grading. Recent advances in deep learning have
further  improved  detection accuracy by
automatically learning robust visual features from
image data. These intelligent systems support
precision agriculture by enhancing efficiency,
reducing costs, and enabling real-time applications
in orchards, food processing, and quality control
[4].
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Figure 1. Overview of Fruit Image Analysis and Its
Applications

2.1. Applications

Automated fruit detection technologies have been
successfully adopted across various agricultural
and industrial sectors owing to their ability to
improve operational efficiency, product quality,

and decision-making processes [5]. Major

application areas include:

Application | Description

Area

Smart Supports  fruit detection, yield

Agriculture | estimation, ripeness assessment,
crop monitoring, and robotic
harvesting for precision farming.

Food Enables automated fruit sorting,

Industry grading, quality inspection, and
packaging while reducing waste.

Retail Facilitates image-based fruit

Automation | recognition  for  self-checkout
systems, improving billing speed
and accuracy.

Export Ensures compliance with export

Quality quality standards through objective

Inspection | grading and defect detection.

Disease Detects fruit diseases and surface

Diagnosis defects at an early stage, enabling
timely intervention and minimizing
crop losses.

Fruit image analysis integrates computer vision,
image processing, and artificial intelligence
techniques to automatically identify, classify,
detect, and assess fruit characteristics from digital
images. It provides the foundation for intelligent
agricultural applications such as quality grading,
disease diagnosis, yield estimation, and robotic
harvesting [6].

3. Computer Vision in Agriculture

Computer vision has become a key technology in
modern agriculture by enabling automated analysis
of crop and fruit images for monitoring, quality
assessment, disease detection, and yield estimation
[7]. Combined with artificial intelligence, it
supports accurate, efficient, and real-time decision-
making, thereby improving agricultural
productivity and sustainability.

Table 2. Evolution of Computer Vision Techniques
for Fruit Analysis
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Overall, computer vision has transformed fruit
analysis from traditional handcrafted feature-based
approaches to advanced deep learning and
transformer-based models capable of robust and
accurate decision-making [8]. These developments
have significantly enhanced the automation and
reliability of agricultural vision systems, laying the
foundation for intelligent fruit monitoring and
precision farming applications. Image processing
enhances and transforms raw fruit images to
improve visual quality and prepare them for

Dataset Collection (Image data)

accurate analysis. Common operations include

resizing, noise removal, contrast enhancement,
normalization, and segmentation to facilitate

!

reliable feature extraction and classification.

Classification

Training Dataset

Testing Dataset
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3.1. Fruit Image Acquisition

Fruit image acquisition is the process of capturing
high-quality fruit images using digital cameras,
smartphones, drones, or imaging sensors for
subsequent image processing and analysis [9].

\ Digital Fruit Image
] Dataset

Table 4. Comparison of Imaging Modalities Used Thermal imaging

in Fruit Analysis )
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Table 5. Common Image Enhancement Techniques
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Figure 4. Image Enhancement Techniques
Taxonomy
Figure 4 shows the taxonomy of image

enhancement techniques commonly employed in
fruit analysis for noise removal, contrast
improvement, and feature preservation prior to
segmentation and classification.

Table 6. Literature Survey on Image Pre-processing
Techniques for Fruit Image Analysis

Existing fruit image preprocessing methods are
largely static and non-adaptive, limiting robustness
and feature preservation under diverse real-world
imaging conditions.

3.3. Image Segmentation

Image segmentation partitions a fruit image into
meaningful regions to accurately isolate the fruit or
diseased areas from the background for further
analysis [11].

Table 8. Comparison of Image Segmentation
Techniques in Fruit Analysis

. Common
Category Techniques Applications
Threshold- | Global Threshold, E;gi{t_ round
based Otsu £re
separation
Edge- Sobel, Canny, | Fruit contour
based Laplacian extraction
Region- Region Growing, f:;;gn and
based Watershed .
segmentation
Clustering- | K-means, Fuzzy | Disease region
based C-Means detection
Graph- Graph Cut, | Background
based GrabCut removal
D FCN, U-Net, Mask | Disease
Leep . R-CNN, segmentation,
b ear(lillng- DeepLabV3+, fruit
ase SAM localization

Traditional segmentation methods remain suitable
for controlled laboratory conditions due to their
computational efficiency, whereas deep learning-
based models have become the preferred choice for
real-world fruit analysis because of their superior
robustness and segmentation accuracy across
diverse environmental conditions [12].

Ref. Dataset Prepr(‘)cessing
Techniques
Image  resizing,

(ZZIK;Z)g[ lﬁt al. Fruit-360 normalization,
data augmentation

. Image  resizing,

Salim et al. Fruit-360 norrﬁalization, ¢

(2023) [5] .
augmentation
Contrast

Sinha & enhancement,

Dhanalakshmi | Fruit-360 image

(2024) 4] normalization,
image fusion
Noise  removal,

Luo et al. | Peach ROI  extraction,

(2024) [12] dataset image
enhancement
Image resizing

Jrondi et al. | Citrus fruit | (224x224),

(2025) [31] dataset normalization,
augmentation
Image

Khan et al. | 0| o

(2024) [34] Recognition | customized
pooling

Liu et al | Fruit360, | M

(2025) [35] VegFru normalization,
resizing

Table 9. Literature Survey on Fruit Image
Segmentation Techniques
Referen Segmentati Method
ce on Dataset Used
Category
Ghazal .
et al. | Threshold- frﬁftus %tlsrlelshol di
ﬁg]n) based images ng
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[15]
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Feature Transform (SIFT), and Gabor filters being
widely adopted [14].

Table

Techniques for Fruit Analysis

10. Comparison of Feature Extraction
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Giméne
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Gallego . .
fruit Segmentati
et al. dataset on
(2024)
[19]

Existing fruit image segmentation methods have
limited robustness and generalization under diverse
real-world conditions due to their dependence on
specific datasets, extensive annotations, and high
computational complexity.

3.4. Feature Extraction

Feature extraction transforms segmented fruit
images into representative descriptors that capture
discriminative characteristics for classification,
quality assessment, and disease diagnosis [13].
Conventional fruit recognition systems rely on
handcrafted features derived from color, texture,
shape, and statistical properties, with techniques
such as Gray-Level Co-occurrence Matrix
(GLCM), Local Binary Patterns (LBP), Histogram
of Oriented Gradients (HOG), Scale-Invariant

Featur Representa Common
¢ tive Features Applicatio
Catego . Extracted Pp
ry Techniques ns
Color g(i)slto(:r ram Color fercl:l(l)t nitio
Featur 1AM, | distribution 5
Color intensit n, ripeness
es Moments ’ Y estimation
Textur GLCM., Surface .
e texture, Disease
LBP, Gabor . .
Featur . lesion detection
Filters
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Hu Size, FrulF
Shape grading
Moments, contour, .
Featur . . and variety
Fourier geometric . :
es . . classificati
Descriptors | properties on
Local Local Object
Featur SIFT, keypoints matching
o U | SURF, ORB | and and
descriptors | detection
Gtradle §§§§tati0n Fruit
n HOG classificati
Featur and
. on
es gradients
CNN . Classificati
i High-level
Deep ResNet, selriantei\c/e on,
Featur | EfficientNet . | detection,
.. representati .
es s Vision segmentati
ons
Transformer on
Handcrafted features remain valuable for
lightweight and interpretable machine vision

systems, whereas deep feature learning has become

the dominant
representation

approach due to
capability

and

its superior

consistent

performance across diverse fruit analysis tasks

[15].

Table 11. Literature Survey on Feature Extraction
Techniques for Fruit Image Analysis

Datas Feature Major
Reference et Extractio | Contributio
n Method | n
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learning 3.5. Classification
3.5.1. Machine Learning-Based Fruit
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(2023) [28] 360 Lea ure ve feature as Support Vector Machines (SVM), K-Nearest
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SVM and Random Forest are the most frequently
adopted conventional classifiers due to their
superior generalization capability. Nevertheless,
their dependence on handcrafted features limits
scalability, motivating the transition toward end-to-
end deep learning models discussed in the
following section [19].

Table 15. Literature Survey on Machine Learning
Techniques for Fruit Image Analysis

DL has revolutionized fruit analysis by enabling
automatic learning of hierarchical visual features

directly from raw images, eliminating the
dependence on handcrafted descriptors.
Convolutional Neural Networks (CNNs) have

demonstrated remarkable success in  fruit
classification, disease detection, quality grading,
and ripeness estimation due to their superior feature
representation capability [20].

Table 16. DL Techniques Disease Recognition and
Classification

Referenc | Datase Machl.n ¢ Major
t Learning Contribution
¢ Method
Ghazal et | Fruit 322?(?? Improved
al. (2021) | image . fruit quality
14 dataset Machine classification
[14] (SVM)
R ¢ al SVM, K- | Effective
(2(;)); le) A | Fruit- Nearest handcrafted
25 360 Neighbor feature
[25] (KNN) classification
Multipl | SVM, Comprehensi
Bhargava . ve
e fruit | ANN, .
& Bansal dataset | Decision comparison
(2021) [9] of ML
S Tree .
algorithms
Support Accurate fruit
Thinh et | Fruit PP recognition
. Vector .
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Machine
[15] dataset handcrafted
(SVM)
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Hira & Efﬁc.lent frult
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Lande Fruit- | g orest using  color
(2022) 360 KNN and  texture
[11] f
eatures
Mashalk Fruit Support Robust  fruit
ar & image Vector ualit
Raut datagset Machine . adig
(2026) (SVM) grading
Improved
Ergiin Banana | Vision BZEaertla
(2025) variety | Transform classif}';cation
[35] dataset | er+ SVM . .
using hybrid
ML

Existing traditional machine learning methods rely
heavily on handcrafted features, limiting their
robustness, adaptability, and generalization across
diverse fruit datasets and real-world imaging
conditions.

3.5.2. Deep Learning for Fruit Analysis
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Among CNN architectures, EfficientNet, ResNet,
and ConvNeXt are the most frequently adopted in
recent fruit analysis studies due to their excellent
trade-off  between  classification  accuracy,
computational efficiency, and scalability across
diverse agricultural datasets [21].

Table 17. Literature Survey on CNN-Based Deep
Learning Methods for Fruit Image Analysis

resources, reducing their efficiency and robustness
in complex real-world fruit image analysis.

3.6. Vision Transformers

Transformer-based vision models have emerged as
powerful alternatives to CNNs by employing self-
attention mechanisms to capture long-range
dependencies and global contextual information
within images [22]. Unlike convolution-based
networks that primarily focus on local receptive

fields, Vision Transformers (ViT), Swin
Transformer, DeiT, CvT, MaxViT, and Vision
Mamba learn comprehensive feature

representations that are particularly beneficial for
distinguishing visually similar fruit varieties and
identifying subtle disease symptoms. Their superior
ability to model global relationships has led to
increasing adoption in fruit classification, disease
diagnosis, and object detection. However, these
architectures generally require larger training
datasets and greater computational resources than
conventional CNNs [23].

Table 18. Comparison of Vision Transformer
Architectures
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Kumar et | Fruit Dee Automated
al.  (2026) | quality b fruit quality
CNN .
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Existing CNN-based models have limited
capability to capture long-range contextual

information and often require high computational
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Transformer-based architectures have become
increasingly prominent in fruit analysis because of
their superior contextual feature learning. Among
them, Swin Transformer and Vision Mamba
represent promising directions for future intelligent
agricultural vision systems due to their scalability
and improved representation capability [24].

Table 19. Literature Survey on Transformer-Based
DL Methods for Fruit Image Analysis

and fair comparison of image processing, machine
learning, and deep learning models [25].
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widely used benchmark dataset containing
178,812 images across 255 classes of
fruits, vegetables, nuts, and seeds.
Captured under controlled conditions, it is
extensively used for fruit classification,
transfer learning, and performance
evaluation.

e PlantVillage  Dataset:  PlantVillage
contains 54,306 RGB images from 38
disease classes covering 14 crop species.
It serves as a standard benchmark for plant
disease detection using image processing
and deep learning techniques.

e MinneApple Dataset: MinneApple
comprises 1,000 high-resolution orchard
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classification, detection, and segmentation tasks.
Classification models are commonly evaluated
using Accuracy, Precision, Recall, Fl-score, and
Receiver Operating Characteristic—Area Under the
Curve (ROC-AUC), whereas object detection
models additionally employ Intersection over
Union (IoU) and mean Average Precision (mAP).
For segmentation tasks, Dice Similarity Coefficient
(DSC) and IoU are widely used to quantify pixel-
level agreement between predicted and ground
truth  regions. In addition to predictive
performance, practical deployment of agricultural
vision systems increasingly considers inference
time, computational complexity, model size, and
memory consumption, particularly for real-time
and edge computing applications [28].

Table 25. Performance Evaluation Metrics used for
Fruit Segmentation and Classification
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The selected benchmark datasets collectively
encompass a broad spectrum of fruit analysis tasks,
including fruit classification (Fruits-360), plant
disease recognition (PlantVillage), object detection
and instance segmentation (MinneApple), banana
ripeness classification (Banana Classification
Dataset), and fruit quality assessment (FruitNet:
Indian Fruits Dataset with Quality). Their diversity
in imaging environments, annotation types, and
application domains provides a comprehensive
foundation for developing and evaluating robust
image processing, machine learning, and deep
learning models for intelligent fruit analysis [26].

5. Performance Evaluation Metrics
Performance evaluation metrics provide

standardized measures for assessing the
effectiveness of fruit analysis models across
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Although accuracy remains the most frequently
reported metric, recent studies increasingly
emphasize mAP, IoU, Dice coefficient, inference
time, and model complexity to comprehensively
evaluate the effectiveness and deployability of fruit
analysis systems [29].

6. Challenges in Fruit Image Analysis

Despite remarkable advances in image processing
and artificial intelligence, fruit image analysis
continues to face several practical challenges that
limit the reliability and large-scale deployment of
automated systems.

* Illumination Variations: Changes in sunlight,
shadows, and weather conditions significantly
affect image quality, leading to reduced
accuracy in fruit detection, segmentation, and
classification [30].

* Complex Backgrounds and Occlusion:
Leaves, branches, overlapping fruits, and
cluttered orchard scenes make it difficult for
vision models to accurately distinguish fruits
from the background.

* Intra-class and Inter-class Variability:
Differences in ripeness, disease symptoms,
size, and color within the same fruit, along
with similarities between different fruit
varieties, increase classification complexity.

* Limited and Imbalanced Datasets: Many
agricultural datasets contain insufficient
labeled samples and unequal class
distributions, which can result in overfitting
and biased model performance.

* Real-Time Deployment Constraints:
Advanced deep learning models often require
high computational resources, limiting their
deployment on edge devices, drones, and
mobile agricultural platforms [32].

* Domain Shift Between Laboratory and
Field Environments: Models trained on
controlled laboratory images frequently
experience performance degradation when
applied to real orchard conditions due to
variations in lighting, background, and
environmental factors.

1JDDT Volume 16 Issue 75s 2026

*  Model Interpretability and Reliability: Most
deep learning models function as black boxes,
making it difficult to explain predictions and
gain the trust of farmers and agricultural
experts in practical applications [33].

Future fruit image analysis systems should
emphasize robustness, computational efficiency,
and domain adaptability by integrating advanced
vision architectures, lightweight deep learning
models, self-supervised learning, and domain
adaptation techniques. Addressing these challenges
will significantly improve the deployment of
intelligent fruit analysis systems in real-world
agricultural environments.

7. Conclusion

This survey presented a comprehensive review of
image processing and artificial intelligence
techniques for automated fruit image analysis,
covering the complete workflow from image
acquisition and pre-processing to segmentation,
feature extraction, classification, and transformer-
based vision models. It also summarized
benchmark datasets, evaluation metrics, and key
challenges affecting real-world deployment.
Although deep learning and transformer
architectures have significantly improved the
accuracy and robustness of fruit analysis systems,
challenges such as limited annotated datasets,
computational complexity, varying environmental
conditions, and model generalization remain
unresolved. Future research should focus on
lightweight, explainable, and data-efficient Al
models capable of robust real-time deployment,
thereby supporting the next generation of
intelligent and sustainable precision agriculture.
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