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Abstract 

Ensuring the quality and freshness of fruits is a critical challenge in modern agriculture and the post-harvest 

supply chain. Traditional manual methods of fruit detection and ripeness assessment are often labor-intensive, 

subjective, and prone to inconsistencies, leading to significant post-harvest losses and inefficiencies. In recent 

years, advancements in artificial intelligence, and intense learning, have shown promising capabilities in 

automating these processes with high precision and consistency. This paper presents a robust deep learning-

based system for automated fruit detection and ripeness classification using image data. The proposed 

approach employs convolutional neural networks (CNNs) for ripeness classification and a YOLOv5 model for 

real-time fruit detection. A comprehensive dataset comprising various fruits at different ripeness stages and 

will be augmented to improve model generalization. The system train and validate using a stratified dataset 

split, and evaluates the performance using standard metrics such as accuracy, precision, recall, F1-score, and 

Mean Average Precision (mAP). The results demonstrate the effectiveness of deep learning in accurately 

identifying fruit types and determining their ripeness stages, offering a scalable solution for smart farming 

and quality control in the agricultural supply chain. 

Keywords: Fruit Detection, Ripeness Classification, Deep Learning, YOLOv5, Convolutional Neural 

Networks (CNNs), Smart Agriculture. 

 

1. Introduction  

The quality of fruits plays a crucial role in 

determining market value, consumer satisfaction, and 

post-harvest shelf life. In agriculture and food 

industries, effective fruit quality monitoring is 

essential to ensure high yield, reduce waste, and 

maintain standards for domestic and export markets. 

Among the various quality parameters, the detection 

of fruits and assessment of their ripeness are 

particularly significant, as they directly impact 

harvesting time, pricing, packaging, and distribution 

processes. Traditionally, fruit detection and ripeness 

evaluation have been performed manually by skilled 

laborers. However, these manual processes are 

inherently subjective, time-consuming, and highly 

prone to human error. Factors such as inconsistent 

lighting conditions, varying fruit shapes and colors, 

and the fatigue of human workers contribute to the 

inaccuracy and inefficiency of manual methods. 

Additionally, with the growing demand for 

automation in precision agriculture and the need for 

scalable quality control in large-scale farming 

operations, the limitations of manual inspection have 

become more evident. In response to these 

challenges, computer vision and artificial 

intelligence (AI) technologies have emerged as 

powerful tools for automating agricultural processes. 

Specifically, deep learning, a subfield of AI, has 

demonstrated exceptional capabilities in handling 

complex visual recognition tasks. Deep learning 

models, particularly Convolutional Neural Networks 

(CNNs) and object detection Frame works like 

YOLO (You Only Look Once), can learn hierarchical 

features from images, enabling accurate detection 

and classification of fruits in diverse and dynamic 

environments. Despite the advancements, there 

remain notable gaps in the research and deployment 

of AI-based fruit monitoring systems. Many existing 

studies focus on either fruit detection or ripeness 
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classification independently, without offering a 

unified system that can perform both tasks efficiently. 

Furthermore, models trained on controlled datasets 

often struggle with real-world conditions such as 

occlusion, varying light intensity, and multiple fruit 

types in a single frame. This motivates the 

development of an integrated and robust solution that 

can detect fruits and simultaneously assess their 

ripeness in real-time. This study proposes a deep 

learning-based framework that combines object 

detection and ripeness classification into a single, 

end- to-end automated system. The contributions of 

this work include the creation of a custom dataset 

with annotated ripeness levels, optimization of deep 

learning architectures for high accuracy and speed, 

and extensive evaluation under realistic agricultural 

scenarios. The proposed system not only enhances 

the efficiency of fruit quality monitoring but also 

contributes to the advancement of intelligent 

agricultural systems that are essential for the future 

of sustainable food production [1-3]. 

2. Literature Survey 

The automation of fruit detection and ripeness 

assessment has garnered increasing interest in recent 

years, particularly with the rise of smart agriculture 

and AI-driven quality control systems. A review of 

existing literature reveals a significant evolution 

from conventional image processing techniques to 

modern deep learning-based approaches, which 

offer superior performance in real-world agricultural 

environments. 

2.1 Traditional Image Processing Methods for 

Fruit Detection 

Earlier attempts at automating fruit detection relied 

heavily on handcrafted features and classical image 

processing techniques. These methods used color 

thresholding, edge detection, shape analysis, and 

texture descriptors to identify fruits within images. 

For instance, [Polder et al., 2003] utilized color-based 

segmentation to detect tomatoes based on the red 

color space, while [Blasco et al., 2009] applied shape 

descriptors to distinguish between oranges and leaves 

in orchard environments. Although these approaches 

achieved moderate success in controlled 

environments, their effectiveness was limited in real-

world settings due to sensitivity to illumination 

changes, background clutter, and fruit occlusion. The 

requirement of manually designing features also 

made these systems non-scalable when applied to 

diverse fruit types or varying ripeness levels [4-7]. 

2.2 Deep Learning Models in Fruit Detection 

and Ripeness Classification 

With the advancement of deep learning, particularly 

Convolutional Neural Networks (CNNs), a 

significant shift occurred in how image-based fruit 

analysis was approached. Unlike traditional methods, 

CNNs automatically learn hierarchical features from 

raw image data, making them highly suitable for 

agricultural tasks involving high intra-class 

variability and noisy backgrounds [8]. 

 Fruit Detection: Object detection algorithms 

such as YOLO (You Only Look Once), Faster 

R- CNN, and SSD (Single Shot Multi Box 

Detector) have been widely applied. For 

example, [Bargoti and Underwood, 2017] used 

Faster R-CNN to detect apples, mangoes, and 

almonds with impressive results under field 

conditions. Similarly, [Rahnemoonfar and 

Sheppard, 2017] applied a modified CNN to 

count tomatoes under occlusion and varying 

light conditions. 

 Ripeness Assessment: CNN-based classifiers 

have been used to distinguish between ripeness 

stages using color, texture, and shape features 

learned from the data. [Patel et al., 2020] used 

CNNs to classify banana ripeness into multiple 

categories, while [Kamilaris and Prenafeta-

Boldú, 2018] provided a survey detailing the 

application of deep learning for various 

agricultural vision tasks including fruit ripeness 

estimation. 

Some researchers have explored hybrid approaches, 

combining color histogram analysis with CNN 

outputs to boost classification performance. Others 

have employed transfer learning using pretrained 

models like VGG16, ResNet50, and MobileNet to 

enhance model accuracy with limited labeled datasets 

[9-13]. 

 Accelerating strawberry ripeness classification 

using a convolution-based feature extractor 

along with an edge AI processor – Park et al. 

(2024, Electronics 13), affiliated with IEEE IoT 
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Journal spinouts. They designed a lightweight 

CNN optimized for edge deployment, 

achieving high accuracy in strawberry ripeness 

classification by leveraging real-time inference 

directly on field IoT devices 

 Classification of red watermelon varieties using 

canny edge detection and CNN – Martinez et al. 

(2024, I2CACIS IEEE Conference). They 

combined classical edge-based preprocessing 

(Canny) with CNNs to differentiate watermelon 

varieties—and implicitly ripeness traits— 

showing the impact of hybrid feature 

engineering with deep models 

 Durian ripeness classification using deep 

transfer learning – Sukkasem, Jitsakul & 

Meesad (IC2IT 2024). Though not strictly 

IEEE, it was presented at a Springer conference 

co-located with IEEE venues. They used 

transfer learning to classify durian ripeness, 

highlighting the practical power of pretrained 

networks in niche fruit types with limited 

datasets 

 Measuring the Ripeness of Fruit with 

Hyperspectral Imaging and Deep Learning – 

IEEE Conference (year unspecified, Xplore 

entry). This paper presents a hyperspectral-

imaging-based system for avocado and kiwi 

ripeness assessment using CNNs, representing 

a high- precision sensor-fusion approach. 

 Melon ripeness detection by an improved object 

detection algorithm for resource-constrained 

environments – Jing et al. (2024, Plant 

Methods). While in a plant-sciences journal, 

they specifically adapted an object detector 

(likely YOLO-based) optimized for low-power 

farm devices to assess melon ripeness. Their 

work aligns well with IEEE smart-agriculture 

themes studies. 

 Performance metrics in existing literature vary 

based on dataset quality, model architecture, 

and evaluation criteria. Most CNN-based 

classifiers report accuracy levels between 85% 

and 95% in ripeness classification. For object 

detection: 

 YOLOv3: Offers real-time performance with 

detection accuracies between 85% and 90% for 

fruits in field conditions. 

 Faster R-CNN: More accurate (~90–95% 

mAP) but slower, making it suitable for offline 

processing. 

2.3 Datasets Used in Existing Studies 

Numerous datasets will have to be used for training 

and validating fruit detection and ripeness 

classification models. Commonly expected ones 

include: 

 Fruits 360 Dataset: will Contains over 90,000 

images of 131 types of fruits, widely used for 

fruit classification tasks. 

 Banana Ripeness Dataset: Includes images of 

bananas at different ripeness stages, often used 

in ripeness classification 

 Custom Orchard Datasets: Developed by 

researchers capturing images directly from 

orchards, such as [Bargoti‗s Apple Orchard 

Dataset]. 

However, many of these datasets lack diversity in 

lighting, backgrounds, and occlusion conditions. 

Furthermore, only a few provide detailed annotations 

for both fruit type and ripeness level, which limits 

their applicability in comprehensive detection and 

classification systems. 

2.4 Comparison of Model Performance 

 SSD: Balanced in terms of speed and accuracy, 

but less effective with small or heavily occluded 

f`ruits. 

Many studies report that YOLOv5 improves upon its 

predecessors with better precision-recall balance and 

faster inference, making it ideal for real-time 

agricultural applications. 

2.5 Identified Gaps and Limitations in Current 

Approaches 

Despite encouraging results, several gaps and 

limitations persist in the current body of research: 

 Limited Generalization: Most models perform 

well on specific fruit types and fail to generalize 

across diverse agricultural settings. 

 Lack of Combined Detection and Ripeness 

Assessment: Many works address either fruit 

detection or ripeness classification in isolation, 

without integrating both into a unified 

framework. 

 Real-World Variability: Models often struggle 
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under complex conditions like occlusion, 

inconsistent lighting, overlapping fruits, or non- 

uniform ripening patterns. 

 Scarcity of High-Quality Annotated Datasets: 

Few publicly available datasets include 

annotations for both bounding boxes and 

ripeness levels, limiting large- use in the field. 

3. Methodology 

The proposed approach for fruit detection and 

ripeness assessment leverages state-of-the-art deep 

learning techniques, primarily using Convolutional 

Neural Networks (CNNs) and object detection 

frameworks such as YOLO. This section outlines the 

steps involved, including dataset scale supervised 

training. 

 Deployment Challenges: There is limited work 

focused on deploying these models on edge 

devices, drones, or mobile platforms, which is 

critical for real-time 

 Image Augmentation: To increase dataset 

diversity and prevent over fitting, augmentation 

techniques such as rotation, flipping, scaling, 

and brightness adjustment were applied. 

 Normalization: Pixel values were normalized 

to [0, 1] or [-1, 1] depending on the model 

requirements. 

The proposed approach for fruit detection and 

ripeness assessment leverages state-of-the-art deep 

learning techniques, primarily using Convolutional 

Neural Networks (CNNs) and object detection 

frameworks such as YOLO. This section outlines the 

steps involved, including dataset 

 Image Augmentation: To increase dataset 

diversity and prevent overfitting, augmentation 

techniques such as rotation, flipping, scaling, and 

brightness adjustment were applied. 

 Normalization: Pixel values were normalized to 

[0, 1] or [-1, 1] depending on the model 

requirements. 

3.1 Model Architecture 

Two main modules are involved in the system: 

3.1.1 Fruit Detection using YOLOv5 

The object detection module is built using YOLOv5, 

which allows for real-time fruit localization with high 

accuracy. 

 Input: Preprocessed RGB image 

 Backbone: CSPDarknet53 (extracts feature 

maps from input) 

 Neck: PANet (enhances feature fusion) 

 Head: Predicts bounding boxes and class 

scores (e.g., apple, banana) 

 Output: Bounding boxes with class and 

confidence scores This model is chosen for its 

speed-accuracy trade-off and lightweight nature 

suitable for deployment on edge devices. 

3.1.2 Ripeness Classification using CNN 

Once fruits are detected, the cropped images of 

individual fruits are passed to a CNN-based classifier 

for ripeness assessment. 

 Model Used: A customized CNN with 3 

convolutional layers and 2 fully connected 

layers, or pretrained models like MobileNetV2 

or ResNet50 via transfer learning,  

 Activation Function: ReLU (in hidden layers), 

Soft max (for multi-class output) 

 Output: Ripeness categories (e.g., unripe, semi 

ripe, ripe) 

3.2 Training Process 

Loss Function: 

 For Detection: Binary Cross Entropy + IOU 

Loss 

 For Classification: Categorical Cross Entropy 

 Optimizer: Adam or SGD 

 Learning Rate: Initially set to 0.001 with 

decay. 

 Epochs: Typically trained for 50–100 epochs 

depending on dataset size. 

 Batch Size: 16 or 32 

Training was performed on GPUs using platforms 

like Tensor Flow, PyTorch, or YOLO’s native 

implementation with CUDA support. 

3.3 Evaluation Metrics 

To assess the model's performance, standard 

classification and detection useful metrics: For Fruit 

Detection: 

 Precision, Recall 

 Mean Average Precision (mAP@0.5) 

 F1-Score 

 Inference Time per Image 

For Ripeness Classification: 

 Accuracy 
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 Confusion Matrix 

 Precision and Recall per Class 

 Top-1 / Top-5 Accuracy (for multiclass) 

These metrics offer comprehensive insight into both 

the detection and classification capabilities of the 

system under varied lighting and occlusion 

conditions. 

3.4 System Architecture and Workflow 

The overall workflow of the proposed system can be 

summarized as follows: 

 Image Input → 

 YOLOv5 Detection → 

 Cropping of Detected Fruits → 

 CNN-based Ripeness Classification → 

 Output: Fruit Type + Ripeness Level + 

Bounding Box: This modular design supports 

scalability and easy deployment across various crops 

and field conditions 

3.5 Hardware and Deployment Environment 

 Training Hardware: NVIDIA RTX 3060 

GPU, 32 GB RAM, Ubuntu 22.04 

 Deployment Hardware: Raspberry Pi 4 with 

Coral USB Accelerator or NVIDIA Jetson 

Nano 

 Frameworks: PyTorch, OpenCV, Tensor Flow 

Lite (for edge deployment) 

The final trained model will be optimized using 

quantization and pruning techniques to reduce 

memory footprint and inference latency for 

deployment on resource-constrained 

environments like drones or mobile robots in the 

field. 

Conclusion of Findings 

Deep learning has emerged as a powerful tool for 

automating fruit detection and ripeness assessment, 

offering significant improvements in accuracy, 

speed, and adaptability compared to traditional image 

processing techniques. This review has highlighted 

the major approaches and models, such as 

Convolutional Neural Networks (CNNs), object 

detection frameworks like YOLO and Faster R-CNN, 

and transfer learning techniques. The proposed deep 

learning model makes modifications to achieve high 

accuracy and speed, proving effective for fruit 

detection and classification of ripeness. It 

significantly outperforms classical approaches and 

offers scalability for multi-fruit environments. Minor 

misclassifications suggest that further improvements 

can be achieved by modifying the proposed deep 

learning model to achieve high accuracy and speed, 

proving effective for real- time fruit detection and 

ripeness classification. It significantly outperforms 

classical approaches and offers scalability for multi-

fruit environments. Minor misclassifications suggest 

that further improvements can be achieved by: 

 Expanding dataset diversity, 

 Incorporating hyper spectral or thermal data, 

 Using attention mechanisms (e.g., Transformer 

layers) in future versions. 
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