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Introduction 

Bananas are one of the most important tropical fruits in the global economy, particularly in developing countries. 

Nearly 90% of global banana production comes from regions in Asia, Latin America, and Africa [1], [2] . Known for 

their high nutritional value and versatility in processing into various food products, bananas are widely consumed 

worldwide [3], [4]. In Indonesia, bananas are particularly popular, with an average consumption of 24.71 grams per 

capita per day, making them the most consumed fruit [5], [6]. According to the Coordinating Ministry for Economic 

Affairs, bananas are the most consumed fruit, with an average of 24.71 grams/capita/day [7]. 

This growing demand for bananas has led to a greater focus on production, which heavily depends on the post-

harvest stage. The ripening process, a crucial factor in determining the nutritional quality of bananas, directly 

influences organoleptic characteristics such as taste, texture, and freshness, affecting both consumer satisfaction and 

market value [8]. Achieving optimal ripeness is essential for ensuring bananas are delivered in their best condition to 

consumers. 

Traditionally, banana ripeness detection has been done manually by farmers, retailers, and producers, who rely on 

experience, visual assessments, and destructive methods such as peeling or cutting the fruit [1], [9]. While these 

methods can be accurate, they are costly, time-consuming, and subjective, leading to inconsistencies in product 

quality. This becomes particularly inefficient on an industrial scale, where the risk of overripe or underripe bananas 

entering the market is high [8], [10]. As such, there is a clear need for more accurate, efficient, and non-destructive 

techniques for ripeness detection. Therefore, a more accurate, efficient, and reliable approach is needed to detect the 
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Abstract 

This study aims to improve the accuracy of banana edibility detection using the YOLOv8 deep learning model. A total of 346 

banana images were captured using a smartphone camera and split into training (303), validation (29), and testing (14) subsets. 

The research framework consisted of four main stages: data collection, preprocessing, model training, and performance 

evaluation. Preprocessing was conducted using the Roboflow platform and included several techniques such as image annotation, 

resizing, automatic orientation correction, contrast adjustment, and data augmentation through rotation, mosaic, and noise 

addition to enrich data variation and model robustness. The YOLOv8 model was trained for 60 epochs, achieving optimal 

convergence in 0.173 hours. Random search was utilized for hyperparameter optimization to achieve the best model configuration. 

The evaluation demonstrated remarkable results with a precision of 99.7%, recall of 100%, and mean Average Precision (mAP) 

of 99.5%. Visualization metrics, including the Precision-Confidence, Recall-Confidence, and F1-Confidence curves, each reached 

100%, and the normalized confusion matrix demonstrated flawless classification performance. Testing on unseen data further 

confirmed the model’s ability to accurately detect and classify bananas into Good Quality and Bad Quality classes with high 

confidence scores. These findings highlight the capability of YOLOv8 as a robust and reliable model for automated fruit quality 

assessment. The implementation of this approach offers a non-destructive, fast, and consistent method for evaluating banana 

edibility, reducing dependency on manual inspection and human error. In addition, this study contributes to the advancement of 

smart agriculture and post-harvest management by demonstrating the potential of deep learning and computer vision to support 

real-time quality control and decision-making in the agricultural industry. 

https://jurnal.fikom.umi.ac.id/index.php/ILKOM/article/view/1455
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level of ripeness of bananas, such as non-destructive techniques. In this approach, testing is carried out without 

damaging the fruit by utilizing the analysis of physical and spectral properties, such as color, texture, and chemical 

composition using deep learning methods [1], [11], [12], [13]. 

Recent developments in image processing and deep learning have provided new solutions to this problem. 

Techniques such as thermal imaging and color space transformations (HSV and HSI) have been explored, but they 

are limited by environmental factors and lighting conditions, which affect the accuracy of detection [14], [15], [16]. 

To address these limitations, artificial intelligence (AI) and computer vision, specifically deep learning models such 

as neural networks, are increasingly being utilized for fruit ripeness detection [17], [18], [19], [20], [21]. Various 

studies have applied machine learning and deep learning approaches to detect or classify the ripeness of bananas. The 

Support Vector Machine (SVM) model achieves 98.89% accuracy with 1242 banana images [22] K-Nearest Neighbor 

(KNN) showed an accuracy of 89.30% with 194 images [23] while the combination of HSV and KNN techniques 

produced 95.52% accuracy [24].  

Among these models, the Convolutional Neural Network (CNN) has shown great promise for detecting banana 

ripeness with accuracies up to 96.14% [25], [26]. CNNs are widely used in computer vision tasks such as image 

classification, object detection, and image recognition [27] Meanwhile, the You Only Look Once (YOLO) algorithm, 

particularly in its latest iteration YOLOv8, offers real-time object detection with high precision, making it a strong 

candidate for industrial applications requiring rapid and reliable ripeness detection [28], [29]. YOLOv8 has 

consistently demonstrated accuracy levels above 90%, showing its potential to improve efficiency in the banana 

ripeness detection process [30]. However, most existing studies are still limited to controlled laboratory conditions 

with small or less diverse datasets, and often focus only on accuracy without considering real-world challenges such 

as varying lighting conditions, fruit occlusions, and scalability for large-scale deployment. These limitations indicate 

a research gap in developing and evaluating robust detection models that can perform reliably in dynamic agricultural 

environments, thus motivating further exploration of deep learning approaches for practical and scalable banana 

ripeness detection systems. 

This study aims to explore the use of YOLOv8 in automatically detecting the ripeness of bananas, reducing reliance 

on manual judgment and human error, while ensuring product quality and improving operational efficiency throughout 

the banana supply chain. 

This study introduces a more effective and accurate model for banana ripeness classification by integrating the 

latest YOLOv8 object detection algorithm with various image processing techniques, such as image annotation, auto-

orienting, resizing, contrast auto-adjust, rotation augmentation, noise augmentation, and mosaic augmentation. By 

optimizing the YOLOv8 parameters, the model achieves a mean Average Precision (mAP) of 99.5%, significantly 

enhancing classification accuracy. Additionally, a custom dataset has been developed, processed with these techniques 

to ensure high quality and suitability for training the model. The findings are expected to contribute to 

advancements in agricultural technology, particularly in the post-harvest management of bananas.  

Method  

 

Figure 1. Flow Diagram of Study 

The Method of this study is using SEMMA method. The aim of this study is to evaluate of deep learning model 

for detection of bananas consumption feasibility using the YOLOv8 architecture. Dataset of banana images is needed 

to train the model. Specifically, images of bananas which are classified feasible and unfeasible. The dataset used is 

the primary dataset. The data is preprocessed using augmentation in roboflow to expand the dataset and divide it into 

validation, training and testing. YOLOv8 models are created using preprocessed dataset. Figure 1 shows the flow 

diagram of study. 

A. Sample 

The dataset in this study was obtained by capturing images of banana using a smartphone. The total amount of data 

collected was 346 images. The dataset was split to partition the data set into training, validation, and testing subsets. 

[31]. The training subset is employed to fine-tune the parameter of model. The validation subset is used to configure 

the hyperparameter of model. The testing subset is used to assess the performance of model against the training data. 

The dataset in this study is divided into 88% training subset, 8% validation subset, and 4% testing subset. Figure 2 

shows a training data subset of 303 images, a validation data subset of 29 images, and a testing data subset of 14 images 
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Figure 2. Dataset 

B. Explore 

 Quality The dataset further divided in two classes such as good quality banana and bad quality banana. The images 

were in .jpg format and 1600 × 900 as its image size. Feasible bananas usually have a bright yellow skin color with a 

slight hint of small brown spots. This ripeness can also be measured by a decrease in chlorophyll levels and an increase 

in yellow pigment in banana peels [32], [33]. 

Overripe or rotten bananas tend to have skin with many large brown spots or even blacken. Overripe or rotten 

bananas are usually too mushy, and the flavor may have started to deteriorate. Bananas with mostly black skin are 

considered unfit for consumption, especially if the texture of the flesh has also been damaged [33]. The following 

Table 1 is an example of good quality banana and bad quality banana. 

Table 1. Example of Dataset 

Data Type Good Quality Banana Bad Banana 

Primary data (Smartphone) 

  

C. Modify 

Modify data or data Preprocessing was carried out using the Roboflow platform. Several preprocessing stages are 

carried out such as annotation, split dataset, auto-orient, resize, auto-adjust contrast, rotate augmentation, noise 

augmentation, and mosaic augmentation. 

The first stage of data preprocessing is Annotation. The annotation stage was the implementation of labeling on the 

image using annotation bounding boxes to provide information on the position and type of image [34]. The annotation 

process is used to produce a dataset used for training with high image quality to support object detection. Figure 3a 

shows that the banana image before annotation has poor image quality, then the annotation is applied resulting in an 

image with better quality as seen in Figure 3b. 

 



216 ILKOM Jurnal Ilmiah Vol. 17, No. 3, December 2025, pp.213-226 E-ISSN 2548-7779 
  

 

Saputra, et. al. (Evaluation of Deep Learning Model for Detection of Banana Consumption Feasibility Using Yolov8 Method) 

  

(a) Before Annotation (b) After Annotation 

Figure 3. Annotations 

The second stage of data preprocessing is Auto-Orient. The auto-orient stage is used to overcome differences in 

object orientation in images in the dataset [35]. The auto-orient feature aims to automatically adjust the orientation of 

objects in the dataset to produce precise, consistent, and accurate object placement. Figure 4 shows the auto-orient 

stages of various object orientations. 

 

Figure 4. Auto-orient 

The third stage of data pre-processing is resizing. The resize stage on the Roboflow platform is used to transform 

the image size. The image size used is 640×640 pixels because important details in the image can be maintained and 

can reduce computation. The resize stage aims to change the size of the image so that the model training process is 

more efficient. Figure 5 shows the resizing stages to change the size of the original image to a 640×640 pixels of 

images. 

 

Figure 5. Resize 

The fourth stage of data pre-processing is Auto-Adjust Contrast. The auto-adjust contrast stage on the RoboFlow 

platform is used to adjust the image contrast so that the image contrast can be increased according to the image 

histogram. Auto-adjust contrast also helps in normalizing edge detection on objects in various lighting conditions. The 
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auto-adjust contrast technique used is Contrast-Stretching. Figure 6 shows the adjusted image and the differences 

between the pixels are very clearly visible so that the image details are easier to see. 

 

Figure 6. Auto-Adjust Contrast 

The fifth stage of pre-processing is Augmentation. The augmentation techniques used are 90˚ rotate, noise, and 

mosaic. The 90˚ rotate augmentation stage is used to rotate the image by a 90˚ angle clockwise or counter clockwise. 

The 90˚ rotate augmentation technique also aims to increase image variations in machine learning model training. The 

large number of variations in image rotation causes the model to be more robust to variations in object orientation. 

The noise augmentation stage is used to add noise to the image. Noise augmentation aims to enable machine learning 

models to improve their ability to deal with unclean image data, so that the model can recognize objects from images 

that contain noise. The mosaic augmentation stage is used to combine several sub-parts of the image into one image. 

The original image is divided into several image subsections arranged in a grid. Mosaic augmentation aims to increase 

data variation by increasing the number of objects in one image, so that machine learning can recognize objects in 

various contexts. The augmentation is seen in Figure 7. The 90˚ rotate augmentation in Figure 7a uses clockwise, 

counter-clockwise, and upside down techniques. The noise augmentation in Figure 7b uses noise reaching 0.1%. The 

mosaic augmentation in Figure 7c divides one image into several image sub-sections. 

 

(a) 90˚ rotate 

 

(b) Mosaic 

 

(c) Noise 

Figure 7. Augmentation 

D. Model 

Data modelling is used for training and testing data which aims to depict data mathematically [36]. Data modelling 

can determine predictions based on identifying patterns, trends, or relationships between data in a dataset [37]. 

Architecture model of banana consumption feasibility detection shows in Figure 8. 
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Figure 8. Architecture Model 

Figure 8 shows the architecture model with YOLOv8 algorithm. Widget dataset provided as input file [36]. 

Data preprocessing widget is used to enhance data quality using annotation, auto-orient, resize, auto-adjust contrast, 

rotate augmentation, noise augmentation, and mosaic augmentation. The data sample widget is data after 

preprocessing [38]. The deep learning method is applied using YOLOv8. The efficacy of YOLOv8 is assessed using 

the test and score widget. The forecast for the testing data is produced by the prediction widget. 

 YOLOv8 was released on January 10, 2023 by Ultralytics, a community that developed YOLOv5 [39]. YOLOv8 

introduces architectural advancements that enhance speed, accuracy, and versatility, making it suitable for various 

domains, including agriculture, autonomous vehicles, and surveillance [13], [39]. This version aims to balance inference 

speed and detection accuracy, crucial for real-world tasks like detecting flying objects or fruits in agricultural 

environments [40]. 

The core architecture of YOLOv8 consists of two primary components: the backbone and the head. YOLOv8 

employs a modified CSPDarknet53 (Cross Stage Partial Darknet) backbone, composed of 53 convolutional layers. 

This backbone extracts essential features from input images using the C2f module, which enhances feature extraction 

by concatenating outputs from multiple bottleneck layers. This approach is particularly effective for detecting smaller 

objects. Additionally, the Spatial Pyramid Pooling Faster (SPPF) module processes features at various scales, 

improving the model's ability to detect objects of different sizes [41]. YOLOv8’s head is designed to be detachable, 

allowing for the separation of object scoring, classification, and bounding box regression tasks, which ultimately 

enhances precision and overall accuracy [40]. 

One of the key innovations in YOLOv8 is its anchor-free detection mechanism, a significant departure from 

previous YOLO models. Instead of relying on predefined anchor boxes, YOLOv8 predicts the centers of objects 

directly, improving speed by reducing the number of bounding box predictions. This streamlined approach enhances 

post-processing tasks such as Non-Maximum Suppression (NMS) and makes YOLOv8 especially suitable for real-

time applications like agricultural fruit detection, where speed and accuracy are essential. Additionally, YOLOv8 

introduces a new convolutional layer, the C2f layer, which replaces the C3 layer from YOLOv5, optimizing feature 

reuse and improving detection accuracy for small and complex objects [39].  

In terms of performance, YOLOv8 is versatile, supporting training across a wide range of hardware, from low-

end systems to cloud-based platforms. This flexibility makes it suitable for various applications, including image 

classification, object detection, and segmentation. For example, in tasks like fruit detection, YOLOv8 has 

demonstrated near-perfect precision and high recall rates, minimized false positives and made it an ideal solution for 

automated harvesting and similar tasks. The model also performs exceptionally well in detecting fast-moving and 

small objects, such as flying drones or aircraft, even under challenging conditions like occlusion and small object size, 

as demonstrated by Reis [41]. 

Real-world applications further highlight YOLOv8's effectiveness. In agriculture, YOLOv8 has been applied 

to optimize fruit detection and classification in real-time. Its ability to handle varying object sizes and adapt to different 

environmental conditions makes it valuable for precision farming. Studies have shown that YOLOv8 can accurately 

detect fruits under challenging conditions, such as varying lighting and object occlusion, making it a highly adaptable 

tool in agricultural automation. Similarly, in flying object detection, YOLOv8 achieved a remarkable 50 frames per 

second (fps) with a mean Average Precision (mAP50) of 99.1%, demonstrating its exceptional speed and accuracy in 

identifying fast-moving objects like drones and airplanes [40]. In this study, random search was adopted for 

hyperparameter optimization because it allows efficient exploration of parameter spaces with minimal computational 
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cost. This makes it particularly suitable for smaller datasets, where quick and reliable performance tuning is essential 

[42]. 

E. Yolov8 Model for Banana Classification 

When inputting a 640x640 image of a banana into the YOLOv8 network for the purpose of classifying the banana 

as either feasible or unfeasible to consume, the network follows a structured process that begins with preprocessing at 

the input layer and culminates in the final classification at the output layer. Given that the input image already matches 

the network’s expected dimensions, it bypasses any resizing operations, thus preserving the integrity of important 

features such as color, texture, and visual markers of decay or damage, which are crucial for determining whether the 

banana is fit for consumption. The image is then normalized by scaling the pixel values, typically between 0 and 1, to 

stabilize the network's performance. If handling multiple images, they are batched and converted into tensors that are 

used as inputs to the network. 

The backbone of YOLOv8 is responsible for extracting the key features needed to classify the banana. Based on 

the CSPDarknet53 architecture, this backbone effectively captures features at multiple scales. As the image is passed 

through the initial convolutional layers, the network detects basic visual features such as edges, shapes, and color 

gradients. These layers help to identify critical cues, such as the overall color and surface condition of the banana, 

focusing on whether the banana appears healthy and fresh (feasible to consume) or shows signs of spoilage or rot 

(unfeasible to consume). As the image progresses deeper into the network, subsequent layers capture more abstract 

and complex features, such as variations in texture, the appearance of mold or black spots, and bruising, which are 

often indicators of a banana that is no longer suitable for consumption. 

Once the feature extraction is complete, the neck of the YOLOv8 network aggregates these multi-scale features 

through the Spatial Pyramid Pooling Fast (SPPF) module and Path Aggregation Network (PAN). These components 

combine information from different scales, allowing the model to analyze both the broader characteristics of the 

banana (such as its overall shape and color distribution) and finer details, like small blemishes or areas of rot. The 

PAN module ensures that crucial contextual information is preserved, allowing the model to make a well-informed 

classification decision based on subtle differences in appearance that help determine if the banana is fit for 

consumption or not. This multi-scale feature aggregation is essential for the robustness and accuracy of the 

classification process. 

In the final stage of processing, the head of the YOLOv8 network performs object detection and classification. 

While the head predicts bounding boxes that localize the banana within the image, the primary objective in this case 

is classification. Based on the features extracted by the earlier layers, the network outputs a prediction indicating 

whether the banana is "feasible" or "unfeasible" to consume. This prediction is accompanied by a confidence score, 

which reflects the network’s certainty in its classification. This confidence score is critical for evaluating the reliability 

of the model’s decision, especially when determining the edibility of the banana. If multiple predictions are made, 

post-processing techniques like Non-Maximum Suppression (NMS) can be applied to refine the results, though in a 

scenario where a single banana is present, this step may not be necessary. 

By inputting a 640x640 image of a banana into the YOLOv8 network, we leverage the network’s sophisticated 

architecture to accurately classify whether the banana is feasible or unfeasible to consume. YOLOv8’s backbone, 

neck, and head work together to extract, aggregate, and analyze multi-scale features, ultimately producing a reliable 

classification based on the visual condition of the banana. The final output includes a class label—either "feasible" or 

"unfeasible"—along with a confidence score that provides insight into the network’s certainty in its classification. 

This process demonstrates YOLOv8's effectiveness in making informed and efficient classifications, particularly in 

scenarios where the accurate determination of food edibility is crucial. 

Results and Discussion  

A. Result of Sample 

The dataset used in this study was collected using a smartphone camera, and all images were manually labelled to 

ensure annotation accuracy. In total, 346 images were obtained. The dataset was divided into 88% training data, 8% 

validation data, and 4% test data, corresponding to 303 training images, 29 validation images, and 14 test images. The 

proportion of training data was intentionally made larger to allow the model to learn as many variations as possible 

from the limited dataset. A higher percentage of training samples is particularly important in this case, given the 

relatively small number of images, as it helps the model capture more representative features and improves its 

generalization capability. Meanwhile, smaller portions of validation and test data were retained to monitor performance 
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and evaluate the model without discarding important training information. The splitting data of the dataset into training, 

validation, and test subsets is illustrated in Figure 9.  

 

Figure 9. Splitting Dataset 

B. Assess 

This study was performed on a computer with Apple M3 @ 4.06 GHz Processor and 8 GB RAM. The software 

used is Google Colaboratory and Roboflow.  

Evaluation was carried out to measure the performance model in detecting the feasibility of banana consumption 

using the YOLOv8 method. This evaluation aims to determine how efficient the model is in identifying the feasibility 

of banana consumption in new images. The evaluation model is carried out on training results and testing results. 

C. Evaluation of Training Results 

Prior to the main training stage, hyperparameter optimization was performed using the Random Search method, 

considering the relatively small size of the dataset. The optimization process consisted of 5 iterations, with each iteration 

including 10 training epochs. The results of the best hyperparameter optimization using YOLOv8 are summarized in 

Table 2. 

Table 2. Best Hyperparameter Optimization using Random Search 

Hyperparameter Value Description 

lr0 0.0010 initial learning rate at start of training 

lrf 0.0010 final learning rate factor applied at the end of training 

momentum 0.9370 momentum parameter to accelerate gradient descent convergence 

weight_decay 0.0001 regularization term to reduce overfitting by penalizing large weights 

hsv_h 0.0050 hue augmentation (color shift). 

hsv_s 0.6000 saturation augmentation (color intensity) 

hsv_v 0.3000 value augmentation (image brightness) 

translate 0.0500 translation augmentation (shifting object position) 

scale 0.4000 scaling augmentation (zoom in / out) 

shear 0.1000 shear augmentation (geometric distortion) 

perspective 0.0005 perspective transformation augmentation 

flipud 0.0000 probability of flipping the image vertically (up-down) 

fliplr 0.3000 probability of flipping the image horizontally (left-right) 

mosaic 1.0000 mosaic augmentation (combining multiple images) 

mixup 0.1000 mix-up augmentation (blending two images) 

Model training was carried out using epochs 1, 10, 20, 30, 40, 50, 60, 70, 80, 90, and 100. The image size is 640 × 

640 pixels, and the batch size is 16. The training results based on the number of epochs are in Table 3. 
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Table 3. Training Based on Epoch 

Epoch Time (Hour) Precision Recall MAP 

1 0.009 0.00551 0.955 0.313 

10 0.032 0.921 0.978 0.987 

20 0.066 0.960 1 0.995 

30 0.093 0.951 1 0.995 

40 0.119 0.992 1 0.995 

50 0.148 0.992 1 0.995 

60 0.173 0.997 1 0.995 

70 0.220 0.946 1 0.995 

80 0.279 0.943 0.992 0.995 

90 0.346 0.965 1 0.995 

100 0.432 0.945 1 0.995 

The training model results in Table 3 show indicate that the number of epochs influences both the training time and 

the model’s performance metrics, including precision, recall, and MAP. As the number of epochs increases, the training 

duration becomes longer and the performance metrics vary accordingly. The best performance was observed at the 60 

epochs, where the model achieved a precision of 0.997, a recall of 1.0, and a MAP of 0.995. Beyond this point, 

additional training did not provide further improvement and even caused slight fluctuations in precision, while recall 

and MAP remained relatively stable. These findings suggest that in the 60 epochs represents an optimal stopping point, 

balancing efficiency and accuracy. Therefore, the 60 epochs can be regarded as the optimal stopping point (early 

stopping), ensuring computational efficiency while maintaining stable performance. The stability of the model’s 

performance at this stage is further illustrated in the performance curves and normalized confusion matrix, with the 

recall–confidence curve shown in Figure 10 reinforcing the robustness of the model. 

 

Figure 10. Recall-Confidence Curve 

 

Figure 11. Precision-Confidence Curve 
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The recall-confidence curve, it visualizes the connection between the level of confidence and the corresponding 

recall values. The goal of the recall-confidence curve is to assess the model's performance in correctly identifying all 

true positive samples across different confidence thresholds [40]. It can be seen in Figure 9 that the recall-confidence 

value reaches 100%. The precision-confidence curve is shows in Figure 11. 

The precision-confidence curve illustrates the relationship between precision and confidence values. Its objective 

is to evaluate the model's performance in accurately predicting all true positive samples at various confidence levels 

[40]. As shown in Figure 10, the precision-confidence value reaches 100%. The F1-confidence curve is displayed in 

Figure 12. 

 

Figure 12. F1-Confidence Curve 

 The F1-confidence curve demonstrates the relationship between the F1 score and confidence. The F1 score 

represents the average comparison between precision and recall values [43]. The purpose of the F1-confidence curve 

is to evaluate model performance in balancing precision and recall at various levels of confidence [40]. It can be seen 

in Figure 11 that the F1-confidence value reaches 100%. Normalized Confusion Matrix is shows in Figure 13. 

 

Figure 13. Normalized Confusion Matrix 

The confusion matrix is a metric for assessing model performance, used to gauge the accuracy of the capability 

model to categorize data correctly [44]. The confusion matrix can be normalized in percentage form which provides 

a representation of model performance. It can be seen in Figure 12 that the Normalized Confusion Matrix value 

reaches 100% in the Good Quality Banana and Bad Quality Banana classes. 

D. Evaluation of Testing Results 

Model testing was carried out using banana image data that was not used for training. This test was conducted to 

evaluate the model's performance in detecting the feasibility of banana consumption in the Good Quality Banana and 

Bad Quality Banana categories using the Confidence Score value. Testing was carried out on a model that had been 

trained using 60 epochs. The test results are shown in Table 4. 
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Table 4. Test Results for Detection of Banana Consumption Feasiblity 

No Object Detection Confidence Score 

1 

 

Bad Quality Banana (0.87) 

2 

 

Good Quality Banana (0.83) 

3 

 

Good Quality Banana (0.78) 

Good Quality Banana (0.77) 

4 

 

Bad Quality Banana (0.90) 

Bad Quality Banana (0.83) 

Bad Quality Banana (0.85) 

Bad Quality Banana (0.94) 

Table 3 shows the banana image used for testing with the confidence score and bounding box on all parts of the 

banana object which shows the banana classification. The results of image testing on numbers 1 and 4 show the 

classification of bananas in the "Bad Quality Banana" category with a confidence score reaching 0.94. The results of 

image testing in numbers 2 and 3 show the banana classification in the "Good Quality Banana" category with a 

confidence score reaching 0.87. 

Conclusion  

This research demonstrates that the YOLOv8 model effectively detects banana quality, categorizing them into 

'Good Quality Banana' and 'Bad Quality Banana' classes. The model was trained using hyperparameter random search 

with 60 epochs, image size of 640 × 640 pixels and a batch size of 16. Model performance was evaluated using key 

metrics: a recall value of 100%, precision of 99.7%, and mAP of 99.5%. Additionally, visual representations of the 

model's performance were provided through Recall-Confidence, Precision-Confidence, and F1-Confidence curves, all 

reaching 100%, along with a normalized Confusion Matrix that shows 100% accuracy in both classes. Testing with 
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unseen images further confirmed the model's ability to detect bananas accurately, as indicated by the confidence score 

on the bounding boxes. However, it is important to note that comparisons with prior research methods are needed to 

clearly highlight the improvements and unique contributions of this study. 
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