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ABSTRACT 

Fruit ripeness classification is a critical task in the agricultural supply chain, directly influencing 

harvesting decisions, sorting efficiency, storage planning, and consumer satisfaction. Traditional 

ripeness assessment methods rely heavily on manual inspection, which is subjective, labor-intensive, 

time-consuming, and prone to human error and inconsistency across large-scale operations. With the 

rapid advancement of deep learning and computer vision technologies, automated systems capable of 

classifying fruit ripeness with high accuracy have emerged as a promising alternative. This review 

paper presents a comprehensive meta-analysis of past research works employing deep learning 

techniques including Convolutional Neural Networks (CNNs), transfer learning models, hybrid 

architectures, and vision transformers for automated fruit ripeness classification [1]-[5]. The paper 

systematically surveys datasets, preprocessing techniques, feature extraction strategies, and 

classification algorithms used across various studies involving fruits such as tomatoes, bananas, 

mangoes, apples, and papayas [6]-[10]. A critical analysis is conducted to identify strengths, 

limitations, accuracy benchmarks, and computational trade-offs of existing approaches. The 

methodology adopted for this review involves systematic literature collection, categorization based on 

model architecture, and comparative evaluation of reported performance metrics. Key challenges 

such as limited dataset diversity, lighting variability, background noise, and generalization across 

fruit varieties are discussed in detail. The review concludes that while CNN-based and transfer 

learning models have achieved substantial success, there remains significant scope for improvement 

through lightweight architectures suitable for real-time embedded deployment, multimodal sensor 

fusion, and larger standardized datasets. This paper aims to serve as a foundational reference for 

researchers pursuing further innovation in intelligent agricultural automation systems. 
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1. INTRODUCTION 

1.1 Background and Motivation 

The agricultural industry faces increasing pressure to improve efficiency, reduce post-harvest losses, and meet 

the rising global demand for fresh produce. Ripeness classification plays a pivotal role in determining the 

optimal time for harvesting, sorting fruits for market distribution, and minimizing wastage due to overripe or 

underripe produce being mixed into supply chains [1], [11]. Traditionally, ripeness assessment has depended on 

human visual inspection or destructive chemical testing methods, both of which are inefficient for large-scale 

commercial operations. Human-based grading is inherently subjective, varies between inspectors, and cannot be 

scaled without significant labor costs [2], [12]. These limitations have motivated researchers to explore 

automated, non-destructive, and objective methods for ripeness detection, with deep learning emerging as the 

most promising technological direction due to its ability to learn complex visual patterns directly from image 

data without extensive manual feature engineering [3]. 

1.2 Role of Deep Learning in Agricultural Automation 

Deep learning, particularly Convolutional Neural Networks, has revolutionized image-based classification tasks 

by automatically extracting hierarchical features such as color gradients, texture patterns, and shape descriptors 

that correlate strongly with ripeness stages [4], [13]. Unlike traditional machine learning approaches that require 

handcrafted features such as color histograms or texture descriptors computed via methods like GLCM (Gray 

Level Co-occurrence Matrix), deep learning models learn these representations end-to-end, resulting in 

improved accuracy and robustness [5], [14]. The integration of deep learning into precision agriculture has 

enabled the development of smart sorting machines, robotic harvesters, and mobile-based ripeness detection 

applications that can operate in real-world orchard and warehouse conditions [6], [15]. 

1.3 Scope and Objective of This Review 

This review paper focuses specifically on synthesizing past research works that apply deep learning techniques 

to automated fruit ripeness classification. The objective is threefold: first, to survey the range of architectures, 

datasets, and methodologies employed across existing studies; second, to critically analyze the reported 

performance, strengths, and limitations of these approaches; and third, to identify existing research gaps that can 

guide future work in this domain [7], [16]. The scope is limited to studies published in recent years that 

specifically target ripeness classification (as opposed to general fruit recognition or disease detection), covering 

a diverse range of fruits including tomatoes, bananas, mangoes, apples, papayas, and strawberries [8]-[10]. 
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2. SURVEY OF PAST WORK 

Research on automated fruit ripeness classification using deep learning has grown substantially over the past 

decade, driven by improvements in computational power, availability of pretrained models, and increasing 

interest in smart agriculture. Early works in this domain relied on traditional machine learning classifiers such as 

Support Vector Machines (SVM), k-Nearest Neighbors (k-NN), and Random Forests combined with 

handcrafted color and texture features extracted from RGB or HSV color spaces [11], [17]. These approaches, 

while computationally lightweight, suffered from limited generalization when applied to fruits with subtle 

ripeness-related color variations or when tested under varying lighting conditions [12]. 

The shift toward deep learning began with the application of basic CNN architectures for binary or multi-class 

ripeness classification. Several studies demonstrated that CNNs could outperform traditional handcrafted-

feature-based classifiers by learning discriminative features directly from raw images [13], [18]. For instance, 

studies on tomato ripeness classification using custom CNN architectures reported classification accuracies 

exceeding 90%, significantly higher than SVM-based baselines on the same datasets [14]. Similarly, banana 

ripeness classification research explored CNN models trained on images capturing color transitions from green 

to yellow to brown, achieving high accuracy in distinguishing between multiple ripeness stages [15], [19]. 

Transfer learning emerged as a dominant strategy in subsequent research, primarily due to the scarcity of large 

labeled agricultural datasets. Pretrained models such as VGG16, VGG19, ResNet50, InceptionV3, and 

MobileNet, originally trained on large-scale datasets like ImageNet, were fine-tuned on fruit-specific datasets to 

leverage learned low-level and mid-level visual features [16], [20]. Studies employing MobileNet architectures 

reported particular success in achieving a favorable trade-off between classification accuracy and computational 

efficiency, making them suitable for deployment on mobile and embedded devices used in field conditions [17], 

[21]. ResNet-based architectures, owing to their residual connections that mitigate vanishing gradient problems, 

were frequently used for deeper feature extraction in mango and apple ripeness studies, achieving accuracies in 

the range of 92-97% [18], [22]. 

Hybrid approaches combining CNNs with other techniques have also been explored extensively. Some 

researchers integrated CNN-extracted features with traditional classifiers such as SVM to improve classification 

robustness, forming CNN-SVM hybrid pipelines [19], [23]. Others incorporated attention mechanisms into 

CNN architectures to help the model focus on ripeness-relevant regions of the fruit surface, such as color 

transition zones, rather than background or irrelevant areas [20], [24]. Attention-augmented models 

demonstrated improved performance particularly in datasets containing cluttered backgrounds or multiple fruits 

within a single image [21]. 

Beyond RGB image-based classification, several studies explored multimodal approaches that combined visual 

data with additional sensor information such as near-infrared (NIR) spectroscopy, hyperspectral imaging, and 

firmness sensors to improve classification accuracy, particularly for fruits where color alone is not a reliable 
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ripeness indicator, such as avocados and durians [22], [25]. Hyperspectral imaging combined with CNN-based 

feature extraction showed notable improvements in detecting internal ripeness characteristics not visible through 

standard RGB imaging [23], [26]. 

Dataset-related research has also received significant attention. Several studies focused on creating and 

publishing labeled fruit ripeness datasets to address the shortage of standardized benchmarks in this domain 

[24], [27]. Data augmentation techniques including rotation, flipping, brightness adjustment, and synthetic 

image generation using Generative Adversarial Networks (GANs) were widely adopted to address limited 

dataset sizes and improve model generalization [25], [28]. 

More recent works have begun exploring lightweight and edge-optimized architectures such as MobileNetV3, 

EfficientNet, and Squeeze Net for real-time ripeness detection on low-power embedded devices, targeting 

practical deployment scenarios such as robotic harvesters and smart sorting conveyor belts [26], [29]. 

Additionally, a small but growing body of research has investigated the use of Vision Transformers (ViTs) for 

ripeness classification, reporting competitive performance compared to CNN-based models, though at the cost 

of higher computational requirements and larger training data needs [27], [30]. Comparative studies evaluating 

multiple architectures on the same dataset consistently found that model choice significantly influences the 

trade-off between accuracy, inference speed, and model size, underscoring the importance of application-

specific architecture selection [28], [29]. 

3. METHODOLOGY 

This review adopts a systematic literature review methodology to identify, categorize, and analyze past research 

on deep learning-based fruit ripeness classification. The literature search was conducted across major academic 

databases including IEEE Xplore, ScienceDirect, SpringerLink, and Google Scholar, using search terms such as 

"deep learning fruit ripeness classification," "CNN fruit maturity detection," and "transfer learning fruit 

grading." Studies published within the last several years were prioritized to ensure the review reflects current 

trends and technological advancements in the field. Inclusion criteria required that studies specifically address 

ripeness or maturity classification using deep learning methods, report quantitative performance metrics, and 

provide sufficient methodological detail for comparative analysis. 

Following the literature collection phase, selected studies were systematically categorized based on three 

primary dimensions: the deep learning architecture employed (custom CNN, transfer learning, hybrid, or 

transformer-based models), the target fruit type, and the imaging modality used (RGB, hyperspectral, or 

multimodal sensor fusion). This categorization enabled structured comparison across studies with differing 

experimental setups and allowed identification of architecture-specific performance trends. For each study, key 

parameters were extracted, including dataset size, number of ripeness classes, preprocessing and augmentation 

techniques applied, model architecture details, and reported evaluation metrics such as accuracy, precision, 

recall, and F1-score. 
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The comparative analysis phase involved synthesizing extracted data to identify patterns, strengths, and 

limitations across the reviewed body of work. Particular attention was given to factors influencing model 

performance, such as dataset diversity, image acquisition conditions, and computational efficiency requirements 

for real-world deployment. This methodological approach allows the review to move beyond a simple summary 

of individual studies toward a critical, comparative synthesis that highlights both consensus findings and 

unresolved challenges in the field, forming the basis for the critical analysis and discussion presented in 

subsequent sections. 

4. CRITICAL ANALYSIS OF PAST WORK 

While the reviewed literature demonstrates substantial progress in deep learning-based fruit ripeness 

classification, a critical examination reveals several notable strengths as well as persistent limitations across 

existing approaches. On the positive side, CNN-based models have consistently demonstrated superior 

performance compared to traditional machine learning methods, with reported accuracies frequently exceeding 

90% across multiple fruit types [1], [14], [18]. This consistent performance improvement validates the 

effectiveness of automatic feature learning over handcrafted feature extraction for ripeness-related visual 

patterns. Transfer learning approaches, in particular, have proven highly effective in addressing the data scarcity 

challenge common in agricultural datasets, enabling researchers to achieve high accuracy even with relatively 

small fruit-specific datasets by leveraging pretrained ImageNet weights [16], [20], [22]. 

However, a significant limitation observed across a large proportion of reviewed studies is the lack of dataset 

diversity and standardization. Many studies utilize small, self-collected datasets captured under controlled 

laboratory conditions with uniform lighting and clean backgrounds, which raises concerns about model 

generalization to real-world orchard or warehouse environments where lighting, occlusion, and background 

clutter vary significantly [12], [24]. This gap between controlled experimental performance and real-world 

applicability represents a critical unresolved issue, as models achieving 95%+ accuracy in laboratory settings 

often show notable performance degradation when tested on field-collected images. 

Another limitation relates to the narrow focus of most studies on a single fruit type or a limited number of 

ripeness classes, restricting the generalizability of proposed models across diverse agricultural applications [9], 

[15]. Comparatively few studies have attempted to develop unified models capable of classifying ripeness across 

multiple fruit varieties simultaneously, which would be more practically valuable for multi-crop agricultural 

operations [21]. 

Computational efficiency is another area where trade-offs are evident. While deeper architectures such as 

ResNet50 and InceptionV3 achieve high accuracy, they often require substantial computational resources, 

limiting their suitability for deployment on low-cost embedded systems used in field robotics and portable 

sorting devices [17], [26]. Studies exploring lightweight architectures such as MobileNet and EfficientNet show 
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promise in addressing this limitation, but often report a modest reduction in accuracy compared to heavier 

models, indicating an ongoing accuracy-efficiency trade-off that has not been fully resolved [21], [29]. 

Additionally, the evaluation methodologies across studies are inconsistent, with different works using varying 

train-test splits, cross-validation strategies, and performance metrics, making direct comparison across studies 

challenging and somewhat unreliable [19], [28]. Few studies report statistical significance testing or confidence 

intervals for their reported accuracy figures, raising concerns about the robustness and reproducibility of some 

claimed performance improvements. Multimodal approaches incorporating hyperspectral or NIR data, while 

showing improved accuracy for fruits with subtle color-based ripeness indicators, remain limited by the high 

cost and complexity of the required sensing equipment, restricting their practical scalability for widespread 

commercial adoption [23], [25]. 

Overall, the critical analysis reveals that although deep learning has substantially advanced the state of 

automated fruit ripeness classification, the field continues to be constrained by dataset limitations, inconsistent 

evaluation practices, and unresolved trade-offs between model accuracy and real-world deploy ability. 

5. DISCUSSION 

The findings synthesized from this review highlight several important implications for the future direction of 

research in automated fruit ripeness classification. First, the consistent success of transfer learning approaches 

suggests that future research should continue leveraging pretrained architectures while focusing efforts on fine-

tuning strategies specifically optimized for agricultural imagery characteristics, such as subtle color gradients 

and texture variations associated with ripeness stages [16], [20]. Second, the identified gap between laboratory 

and real-world performance underscores the urgent need for larger, more diverse, and publicly available 

benchmark datasets captured under realistic field conditions, including variable lighting, occlusion, and 

background complexity [12], [24], [27]. Collaborative efforts to establish standardized datasets and evaluation 

protocols across the research community would significantly improve the comparability and reliability of future 

studies. 

The accuracy-efficiency trade-off observed in lightweight architecture studies points toward a promising 

research direction focused on model compression techniques, knowledge distillation, and neural architecture 

search specifically tailored for agricultural edge-device deployment [26], [29]. As real-world applications such 

as robotic harvesting and automated sorting increasingly demand real-time inference on resource-constrained 

hardware, closing this efficiency gap without substantial accuracy loss remains a priority area for future work. 

Furthermore, the limited exploration of multi-fruit unified classification models represents an opportunity for 

future research, as agricultural operations often handle multiple crop types, and a single robust model capable of 

generalizing across fruit varieties would offer significant practical value over fruit-specific solutions [21]. The 

emerging application of Vision Transformers, though still in early stages for this domain, suggests potential for 
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improved performance given sufficient training data and computational resources, warranting further 

investigation into hybrid CNN-Transformer architectures [27], [30]. 

Finally, the inconsistency in evaluation methodologies across studies suggests a need for the research 

community to adopt standardized reporting practices, including consistent metrics, cross-validation procedures, 

and statistical significance testing, to enable more reliable and reproducible comparisons across future studies in 

this rapidly evolving field. 

6. CONCLUSION 

This review presented a comprehensive meta-analysis of past research on deep learning-based automated fruit 

ripeness classification. The survey revealed a clear progression from traditional machine learning approaches 

toward CNN-based and transfer learning models, which have consistently demonstrated superior classification 

accuracy across diverse fruit types including tomatoes, bananas, mangoes, and apples. Hybrid architectures, 

attention mechanisms, and multimodal sensor fusion approaches have further extended the capabilities of 

ripeness classification systems, particularly for fruits where color alone is an insufficient indicator of maturity. 

However, the critical analysis identified persistent challenges, including limited dataset diversity, inconsistent 

evaluation methodologies, and an unresolved trade-off between model accuracy and computational efficiency 

required for real-world deployment. Future research should prioritize the development of large-scale 

standardized field datasets, efficient lightweight architectures suitable for embedded deployment, and unified 

models capable of generalizing across multiple fruit varieties. Addressing these gaps will be essential for 

transitioning deep learning-based ripeness classification systems from research prototypes to practical, scalable 

tools for precision agriculture, ultimately contributing to reduced post-harvest losses and improved efficiency 

across the fresh produce supply chain. 
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