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Banana ripeness is one of the main factors affecting fruit quality before distribution
and consumption. Conventional ripeness assessment is generally performed through
visual observation, which may lead to subjective and inconsistent results. Previous
studies have reported promising results in banana ripeness classification. However,
distinguishing adjacent ripeness stages remains challenging because of their similar
visual characteristics. This study proposes a banana ripeness classification model
using a Convolutional Neural Network (CNN) with the ResNet50 architecture. The
dataset consisted of four ripeness categories, namely unripe, ripe, overripe, and
rotten. Data balancing, preprocessing, and augmentation were applied before model
training. A total of 1,120 images were used to train and evaluate the model. Transfer
learning with full fine-tuning was employed to adapt pretrained visual features to
different banana ripeness levels. The experimental results showed that the proposed
model achieved an accuracy of 92.86%, while precision, recall, and F1-score reached
93%. Several misclassifications were observed between adjacent ripeness categories
due to similarities in visual characteristics. These results indicate that the proposed
ResNet50 model can effectively classify banana ripeness levels on the testing dataset

based on color and texture information learned automatically from digital images.

This is an open access article under the CC-BY-SA license.

l. INTRODUCTION

Bananas are among the most widely cultivated
horticultural commodities in Indonesia. People commonly
consume bananas either as fresh fruit or as raw materials for
various processed products. As a result, bananas have
considerable economic value. In postharvest activities, fruit
quality plays an important role in determining market value
and consumer acceptance. Ripeness level is one of the
indicators used to evaluate fruit quality. Ripeness is
associated with changes in color, texture, taste, aroma, and
shelf life. Therefore, ripeness must be considered during
storage and distribution processes [1].

Most farmers and traders still determine banana ripeness
through visual observation of peel color. This method is
practical because it does not require special equipment.
However, subjective factors often affect the assessment
results. Differences in experience, lighting conditions, and
fatigue levels may lead to different evaluations of the same

fruit. These limitations become more apparent when the
sorting process involves a large number of fruits. Under such
conditions, the sorting process requires more time and
increases the risk of classification errors [2].

Digital image processing has become an effective approach
for automatic object identification. This technology enables
computers to recognize visual characteristics such as color,
shape, and texture. In agriculture, researchers have applied
image processing to plant disease identification, crop quality
classification, and fruit ripeness assessment. Compared with
manual observation, image processing can provide faster and
more consistent classification results [3]. Recent studies have
further demonstrated that deep learning-based computer
vision can be effectively applied to agricultural image
analysis, including automated banana disease detection,
thereby improving the accuracy and efficiency of image-
based classification systems [4].

Convolutional Neural Network (CNN) is one of the most
widely used approaches in image processing. CNN belongs to
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the deep learning family and can learn visual patterns directly
from training data. Unlike conventional methods, CNN does
not require manual feature extraction because the learning
process occurs automatically during training. This advantage
has made CNN a popular method for image classification
tasks, including fruit ripeness identification [5]. Previous
studies used CNN to identify banana ripeness levels based on
peel color changes during the ripening process [6]. Other
studies reported that CNN could classify bananas into several
ripeness categories using visual information extracted from
digital images [7]. Despite these promising results, the
classification process remains challenging because the
differences between ripeness levels are often subtle. Similar
visual characteristics among classes may reduce the model's
ability to distinguish objects accurately [8].

Researchers have also applied CNN to agricultural
commodities other than bananas. For example, ResNet50 has
also been applied to classify spice images, indicating its
applicability to various agricultural image classification tasks
[9]. Several studies reported that CNN can identify ripeness
levels and product quality in different types of crops. Color
and texture information extracted from images can help
distinguish object conditions [10]. Similar approaches have
also produced satisfactory results in studies involving other
tropical fruits [11]. These findings indicate that deep learning
has strong potential to support quality control in the
agricultural sector.

Although CNN has achieved good performance in many
image classification studies, deeper network architectures
may introduce training difficulties. One of the most common
problems is the vanishing gradient issue. This problem occurs
when gradient information gradually decreases as it passes
through multiple network layers, reducing the effectiveness of
the learning process [12]. To address this issue, researchers
developed the Residual Network (ResNet) architecture.
ResNet applies residual learning through a skip connection
mechanism that allows information to pass directly between
layers without losing important features. ResNet50 is one of
the most widely used variants. This architecture can extract
more complex visual features and identify relatively small
differences among object classes [10].

ResNet50 has shown good performance in banana ripeness
classification [13]. It has also been applied to food quality
classification using digital images [14]. The architecture can
learn visual characteristics more effectively because changes
in banana color and texture occur gradually during the
ripening process. Although previous studies reported
promising results, some of them used imbalanced datasets,
resulting in different numbers of images in each class. This
condition may cause the model to recognize certain classes
more frequently than others. Moreover, previous studies
primarily focused on improving overall classification
accuracy while providing limited analysis of classification
errors between adjacent ripeness stages, where color and
texture characteristics often overlap. Consequently,
distinguishing visually similar ripeness categories remains a

challenge in banana ripeness classification. Based on these
issues, this study applies a Convolutional Neural Network
with the ResNet50 architecture to identify banana ripeness
levels using color and texture information extracted from
digital images. Although color and texture are the primary
visual indicators of banana ripeness, these characteristics are
learned automatically through the convolutional layers of the
ResNet50 model rather than being extracted manually. The
dataset consists of four ripeness categories: unripe, ripe,
overripe, and rotten. Before training, the number of images in
each category was balanced to provide a more representative
distribution for every class. The ResNet50 model was
initialized using pretrained ImageNet weights and
subsequently fine-tuned on the balanced dataset to improve
feature learning from a relatively limited number of training
images. Model performance was evaluated using accuracy,
precision, recall, F1-score, and confusion matrix analysis to
provide a more comprehensive assessment of the proposed
approach. Unlike previous studies that mainly focused on
improving overall classification accuracy, this study
emphasizes a more comprehensive evaluation of banana
ripeness classification by combining a balanced dataset, full
fine-tuning of ResNet50, and detailed confusion matrix
analysis to investigate classification errors between adjacent
ripeness stages. These contributions provide a more
comprehensive understanding of model performance by
complementing conventional evaluation metrics with an
analysis of prediction errors caused by visual similarities in
banana color and texture.

Il. METHODS

A. Literature Review

Convolutional Neural Networks (CNNs) have been
widely used for banana ripeness classification. Research in [8]
applied a CNN-based approach to identify the ripeness of
Indonesian banana cultivars and reported an accuracy of
88.67%. The results demonstrated that CNN models were
able to learn visual patterns related to ripeness from digital
images. Another study [3] utilized CNN architectures to
classify banana ripeness and quality attributes using RGB
images. The proposed models achieved accuracies of 89.22%
and 90.42%, indicating that CNN-based methods can
effectively extract color and texture features from banana
images.

Despite these results, several challenges remain in banana
ripeness classification. Differences in image acquisition
conditions, unequal class distribution, and similarities
between adjacent ripeness levels may affect model
performance. An imbalanced dataset can lead the model to
favor certain categories, reducing its ability to classify
underrepresented classes accurately. Furthermore, similar
color and texture characteristics between ripeness levels may
increase the possibility of misclassification.

This study applies the ResNet50 architecture to classify
banana ripeness into four categories: unripe, ripe, overripe,
and rotten. A balancing process was carried out to ensure that
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each category contained the same number of images. Data
preprocessing and augmentation were also performed before
training to improve data quality and support feature learning.
These procedures were implemented to obtain a more
balanced data distribution and improve the model's ability to
recognize each ripeness category.

B. Research Stages

Nbalanced =kXn (1)
Figure 1 presents the research stages applied in this study.
The flowchart illustrates the complete process, starting from
dataset preparation and ending with model evaluation using
several performance metrics.

ResMNet50
Model
Development

Grouping into
Four Ripeness
Categories

Preprocessing
and Data
Augmentation

Dataset
Splitting

Dataset
Balancing

Model Model Acc uracy,
Training Evaluaticn Precision,
Recall, F1 Score

Figure 1. Research Stages

Research began with the preparation of a banana image
dataset used for ripeness classification. Images were grouped
into four ripeness categories: unripe, ripe, overripe, and rotten
according to the available labels. After grouping, dataset
balancing was performed to ensure an equal number of
images in each category. This step reduced data imbalance
that could affect the model's ability to learn characteristics
from all classes evenly. The balanced dataset was then divided
into training, validation, and testing sets. Next, image
preprocessing and data augmentation were applied.
Preprocessing adjusted image size and format according to

model requirements, while augmentation increased image
diversity in training data. Processed images were then used to
develop a classification model based on ResNet50
architecture. Training was conducted using training data,
whereas validation data were used to monitor learning
performance. After training, testing data were used to evaluate
classification performance on unseen images. Evaluation
employed accuracy, precision, recall, and F1-score metrics.

C. Banana Dataset

Dataset used in this study came from BananaRipeness, a
public  repository developed by Luis Chuquimajo
(https://github.com/luischuquim/BananaRipeness).
BananaRipeness contains images grouped into four ripeness
categories: unripe, ripe, overripe, and rotten. Each image is
labeled according to its ripeness level, making it suitable for
classification tasks. Previous studies have used ripeness-
based image datasets to classify banana maturity levels using
Convolutional Neural Network (CNN) and ResNet50 models.
These approaches utilize color and texture characteristics of
banana peels as primary features for distinguishing ripeness
levels [15], [16].

Table | presents sample images from each ripeness
category used in this study. Unripe bananas are dominated by
green peel color, while ripe bananas show a more uniform
yellow appearance. Overripe bananas exhibit brown spots on
the peel surface, whereas rotten bananas show dark brown to
black discoloration [16]. Based on Table II, image
distribution across ripeness categories was not balanced.
Unripe contained the largest number of images with 857
samples, while overripe contained the fewest images with 335
samples. Differences in sample size may cause a model to
learn patterns from certain categories more frequently than
others. Equation (1) calculates the total number of images
after the balancing process, where (k) represents the number
of ripeness categories and (n) represents the number of images
assigned to each category. This study used four ripeness
categories ((k = 4)) and 280 images for each category ((n =
280)). As a result, the balanced dataset contained 1,120
images.

TABLEI
BANANA IMAGES IN EACH RIPENESS CATEGORY

Class Class A

Class B

Class C Class D

Ripeness Category Unripe

Overripe Rotten

Sample Images
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TABLE 1l
INITIAL DATASET DISTRIBUTION

Class Ripeness Number

Category of Images
Class Unripe 857
Class Ripe 489
Class Overripe 335
Class Rotten 415
Total All Categories 2,096

The initial dataset consisted of 857 unripe images, 489 ripe
images, 335 overripe images, and 415 rotten images. To
reduce class imbalance, the number of images in each
category was adjusted to 280. Using the same number of
images for all categories helped ensure a more balanced data
distribution during training and allowed the model to learn
representative features from each ripeness category more
effectively [16]. Although the balanced dataset consisted of
1,120 images, the use of transfer learning with the pretrained
ResNet50 model enabled effective feature learning from a
relatively limited number of training images. In addition, data
augmentation and regularization techniques were applied
during training to increase image diversity and reduce the risk
of overfitting.

D. Preprocessing, Data Augmentation, and Data Splitting

This study applied data augmentation to the training dataset
through 20° rotation, 15% zoom, 20% horizontal and vertical
shifts, and horizontal flipping. These augmentation
techniques increased image variation and helped the model
learn under different visual conditions. In addition, data
augmentation reduced the risk of overfitting during the
training process [6], [16]. After preprocessing, the balanced
dataset was randomly divided into training, validation, and
testing sets with a ratio of 70%, 20%, and 10%, respectively,
using a fixed random seed of 42 to ensure reproducibility.
Data augmentation was then applied only to the training
dataset, while the validation and testing datasets were used
without augmentation. The dataset was divided before data
augmentation, ensuring that the training, validation, and
testing sets remained separate throughout model
development. This data split enabled model training,
parameter validation, and final performance evaluation using
separate image sets. The distribution of images in each
ripeness category after balancing and data splitting is
presented in Table I11.

TABLE IlI
DATASET DISTRIBUTION AFTER BALANCING AND DATA SPLITTING

Class Ripeness Category Training Data (70%0) Validation Data (20%0) Testing Data (10%) Total
Class A Unripe 196 56 28 280
Class B Ripe 196 56 28 280
Class C Overripe 196 56 28 280
Class D Rotten 196 56 28 280
Total All Categories 784 224 112 1,120

Based on Table 111, each ripeness category contained 280
images. Each category consisted of 196 training images, 56
validation images, and 28 testing images. In total, 784 images
were allocated for training, 224 images for validation, and 112
images for testing. The balanced distribution reduced the
impact of class imbalance and allowed each category to
contribute equally during training. The testing set consisted of
images that were not used during model training, providing a
more objective evaluation of the model's performance on
unseen test images [17].

E. ResNet50

After preprocessing, data augmentation, and dataset
splitting, banana ripeness classification was performed using
a Convolutional Neural Network (CNN) based on the
ResNet50 architecture. CNN is widely used in image
classification tasks because it can automatically learn visual
features from images without requiring manual feature
extraction. Previous studies have successfully applied CNN-
based models to classify banana ripeness using color and
texture information obtained from digital images [6], [7],
[17].

A CNN architecture generally consists of convolution
layers, pooling layers, and fully connected layers. The
convolution layer extracts visual features from an input image
using kernels or filters. The convolution operation is
expressed in Equation (2). During convolution, the model
extracts visual information such as color, texture, edges, and
object patterns from input images [6], [17]. These visual
characteristics are learned automatically through the
convolutional filters during feature extraction rather than
being extracted manually. Extracted features are then
processed using the Rectified Linear Unit (ReLU) activation
function shown in Equation (3).

S, j)=YmYnl(i—m,j —n)K(m,n)
f(x) =max (0,x)

2
©)

ReLU preserves positive values and converts negative
values to zero, allowing the network to learn non-linear
patterns more effectively [6], [17]. Feature maps produced by
this process are subsequently passed through pooling and
fully connected layers before classification is performed.
Final classification output is generated using the Softmax
function shown in Equation (4). In this study, Softmax
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calculates the probability of each image belonging to one of
four ripeness categories: unripe, ripe, overripe, and rotten.
Category with the highest probability is selected as the final
classification result [6], [13], [16]. Previous studies reported
that CNN-based approaches achieved promising results in
fruit ripeness classification. Deep learning, object detection,
and image processing techniques have also been applied to
improve classification accuracy in fruit maturity assessment
[15], [18].

This study employs ResNet50 as the classification model.
It was initialized using pretrained ImageNet weights, and a
full fine-tuning strategy was applied by allowing all
pretrained layers to remain trainable during training. This
strategy enabled pretrained visual features to be adapted to the
banana ripeness dataset. ResNet50 was developed to
overcome the vanishing gradient problem that commonly
occurs in deep neural networks. The architecture introduces
residual learning through skip connections, allowing
information from earlier layers to be passed directly to deeper
layers. Residual learning is represented by Equation (5).

__en 4
P(}’z) - Z;'l:1ezj
H(x) = F(x) + x ©)

Within a residual block, input data are added directly to
outputs generated by several network layers. This mechanism
helps preserve information during training and enables deeper
networks to learn more complex visual features. Previous
studies reported that ResNet50 achieved high classification

performance in fruit ripeness assessment based on visual
image characteristics [10], [11], [12], [13], [16].

I11. RESULTS AND DISCUSSION

A. Model Architecture and Training Configuration

This section presents the architecture and training
configuration used for banana ripeness classification.
ResNet50 was selected as the base model because its residual
learning mechanism helps overcome the vanishing gradient
problem commonly encountered in deep neural networks.

e Transfer learning with pretrained ImageNet weights was
applied to accelerate the training process and improve
feature extraction. Since the available dataset was
considerably smaller than ImageNet, pretrained weights
provided a useful starting point for learning visual
characteristics of banana images.

e The dataset consisted of 1,120 images grouped into four
ripeness categories: Unripe (Class A), Ripe (Class B),
Overripe (Class C), and Rotten (Class D). Images were
divided into training, validation, and testing sets using a
ratio of 70%, 20%, and 10%, respectively.

e Before training, all images were resized to 224 x 224
pixels and processed using the preprocessing function
associated with ResNet50. These steps ensured that image
data matched the input requirements of the network.

GPU acceleration with sufficient memory capacity was
used to support parallel computation during model training.
Details of model architecture and training parameters are
presented in Table V.

TABLE IV
RESNET50 MODEL ARCHITECTURE

No Layer Output Shape Parameters
1 ResNet50 base 7 x 7 %2048 23,587,712
2 GlobalAveragePooling2D 2048 0
3 BatchNormalization 2048 8,192
4 Dense (ReLU +L2) 512 1,049,088
5 Dropout 512 0
6 Dense (Softmax) 4 2,052

Total Parameters 24,647,044

TABLE V
MODEL TRAINING HYPERPARAMETER CONFIGURATION

Hyperparameter Value / Configuration
Optimization Function Adam

Learning Rate 0.00001

Max Epochs 100

Mini Batch Size 32

Dropout Rate 0.2

L2 Regularization 0.01

Input Size 224 x 224 pixels

Loss Function Categorical Crossentropy
Evaluation Metric Accuracy

Transfer learning was implemented using a full fine-tuning
strategy, allowing all pretrained layers to remain trainable

during training. As shown in Table IV, feature maps
generated by ResNet50 were processed through a
GlobalAveragePooling2D layer and a BatchNormalization
layer before entering the classification stage. A fully
connected layer with 512 neurons was then applied, followed
by a dropout layer and a Softmax output layer for four-class
classification. Details of training configuration and model
parameters are presented in Table V.

According to Table V, the model was trained using the
Adam optimizer with a learning rate of 0.00001 and a mini
batch size of 32. Training was conducted for 100 epochs. L2
regularization with a value of 0.01 and a dropout rate of 0.2
were applied to reduce overfitting during training. A fully
connected layer containing 512 neurons was used in the
classification stage before the Softmax output layer.
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Classification performance was evaluated using accuracy,
precision, recall, Fl-score, and confusion matrix analysis,
while model optimization was performed using the
categorical crossentropy loss function.

B. Training Configuration

After the model architecture was defined, training
parameters were configured to optimize classification
performance. Training was conducted for 100 epochs with a
batch size of 32. This batch size was selected to maintain a
balance between computational efficiency and training
stability. ModelCheckpoint was used to automatically save
the model with the highest validation accuracy during
training. Consequently, performance evaluation was
performed using the best model obtained from the training
process. A learning rate of 0.00001 was applied during fine-
tuning to support gradual parameter updates. The Adam
optimizer was used to optimize model weights throughout
training. In addition, L2 regularization and a dropout rate of
0.2 were applied to reduce overfitting and improve model
generalization.

C. Model Performance Evaluation

This section presents implementation results and
performance evaluation of the proposed method.
Implementation and testing began with preparation of a
computing environment to support efficient and stable model
training. Training was conducted on a system equipped with
an Intel® Core™ i7-12700H processor and an NVIDIA

Model Accuracy

GeForce RTX 3060 Laptop GPU with 6 GB of VRAM.
Python, TensorFlow, and Keras were used to develop and
train the model. This hardware and software configuration
provided sufficient computational resources to train the
ResNet50 architecture with a batch size of 32. After training
for 100 epochs, model performance was analyzed using
accuracy and loss curves. These metrics illustrate learning
behavior and convergence during training. Trends in accuracy
and loss are presented in Figure 2. Figure 2 presents training
and validation accuracy and loss over 100 epochs. During the
early stages of training, both accuracy curves increased
rapidly, indicating that the model learned relevant visual
features from banana images. Training accuracy continued to
improve throughout the training process and reached
approximately 99% in the final epochs. Validation accuracy
increased substantially during the first 20 epochs and then
remained relatively stable between 87% and 89% until the end
of training. Loss curves show a gradual decrease for both
training and validation data. Training loss consistently
declined as the number of epochs increased. A similar trend
was observed for validation loss, which continued to decrease
throughout the training process. Results show that the model
converged during training and maintained stable performance
throughout the learning process. Although a performance gap
between training and validation accuracy was observed, the
use of data augmentation, L2 regularization, and dropout
helped reduce overfitting and maintain stable validation
performance throughout training.

Model Loss

1.0

0.9 4

0.8 1

Accuracy

0.6

0.5

L4+
0 —— Train

Validation
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Vvalidation

40 60 B8O 100
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Figure 2. Model Accuracy and Loss Curves
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Figure 3. Confusion Matrix of Model Testing Results

Figure 3 presents the confusion matrix obtained from the
ResNet50 classification model. Most testing samples were
classified correctly, as indicated by the high values along the
main diagonal of the matrix. Class C achieved the best result,
with all 28 samples classified correctly. Class D also showed
strong performance, with 27 of 28 samples correctly
identified and only one sample misclassified as Class C.
Similarly, Class A recorded 26 correct predictions, while two
samples were classified as Class B. These results indicate that
the model was able to recognize most ripeness categories
accurately.

Most classification errors occurred in Class B. Of the 28
testing samples in this category, 23 were classified correctly,

while two samples were predicted as Class A and three
samples as Class C. These errors suggest that neighboring
ripeness categories may share similar visual characteristics,
particularly in terms of peel color and texture. Although
several misclassifications were observed, the majority of
testing samples were assigned to the correct category.
Overall, the confusion matrix indicates that the proposed
model achieved high classification performance on the testing
dataset.

Table VI presents the classification performance of the
ResNet50 model on the testing dataset. The model achieved
an overall accuracy of 92.86%, indicating that most testing
images were assigned to the correct ripeness category.
Precision, recall, and F1-score values were consistently high
across all classes, suggesting that the model was able to
distinguish banana ripeness levels with good reliability. Class
D achieved the highest performance, with a precision of 1.00,
a recall of 0.96, and an F1-score of 0.98. Class A and Class C
also produced strong results, both obtaining an F1-score of
0.93. Class C achieved a recall of 1.00, indicating that all
samples in this category were correctly identified. In contrast,
Class B recorded the lowest F1-score of 0.87 and a recall of
0.82. This result is consistent with the confusion matrix
presented in Figure 3, where most classification errors
occurred in Class B. Similar visual characteristics between
neighboring ripeness stages may have contributed to these
misclassifications. Overall, F1-score values ranged from 0.87
t0 0.98, indicating balanced classification performance across
all categories. Combined with the confusion matrix analysis,
these results indicate that the proposed model achieved good
classification performance on the testing dataset used in this
study.

TABLE VI
DETAILED CLASSIFICATION REPORT

Class Precision Recall F1-Score Support
Class A 0.93 0.93 0.93 28

Class B 0.92 0.82 0.87 28

Class C 0.88 1.00 0.93 28

Class D 1.00 0.96 0.98 28
Accuracy 0.93 112

D. Discussion

Results obtained from the testing dataset show that the
proposed ResNet50 model classified banana ripeness into
four categories with an overall accuracy of 92.86%.
Performance presented in Figure 2, Figure 3, and Table VI
indicates that the model was able to distinguish most testing
samples correctly. The balanced dataset and image
augmentation process may have helped the model learn visual
variations found in each ripeness category.

Differences in classification performance were observed
among the four classes. Class C and Class D achieved the best
results, whereas most classification errors occurred in Class

B. Based on the confusion matrix, several samples from Class
B were predicted as Class A or Class C. This finding suggests
that visual differences between ripe and neighboring ripeness
stages were less distinct than those observed in unripe or
rotten bananas. Similarities in peel color and texture may have
contributed to these errors. During the ripening process,
chlorophyll gradually degrades while carotenoid pigments
become more visible, resulting in continuous color changes
between adjacent ripeness stages. Texture also changes
progressively as the fruit matures, further reducing visual
differences between adjacent ripeness stages and increasing
the possibility of misclassification. A comparable observation
was reported in previous studies, where adjacent ripeness
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categories were more likely to be misclassified because of
overlapping visual characteristics [6].

Training and validation curves shown in Figure 2 indicate
that the model converged during training. Validation accuracy
remained relatively stable after the initial training stage, while
validation loss gradually decreased until the final epochs.
Although training accuracy was higher than validation
accuracy, validation performance remained consistent
throughout training. These results indicate that the model
maintained stable learning behavior and was able to perform
well on testing data.

Compared with conventional visual inspection, the
proposed approach provides a more objective method for
evaluating banana ripeness. Automated classification using
ResNet50 can reduce subjectivity in the assessment process
and provide consistent predictions across different ripeness
categories. The proposed model has the potential to be
integrated into automated fruit sorting systems by combining
image acquisition with classification to identify banana
ripeness during the sorting process. A similar approach could
also be implemented in mobile applications to assist farmers,
distributors, and retailers in assessing banana ripeness directly
in the field. Practical implementation, however, requires
consideration of lighting conditions, camera quality, image
acquisition distance, and processing speed because these
factors may affect classification performance. Further
improvements in model robustness under different operating

conditions are needed to support future real-world
implementation.
TABLE VII
COMPARISON OF CLASSIFICATION PERFORMANCE

Study Method Accuracy (%)

[3] Dual CNN 90.42

[8] VGG based CNN 88.67

This study ResNet50 92.86

Table VII compares the classification performance

obtained in this study with results reported in previous
research on banana ripeness classification. Study [3] achieved
an accuracy of 90.42% using a Dual CNN architecture, while
study [8] reported an accuracy of 88.67% using a VGG based
CNN model. In the present study, the proposed ResNet50
model achieved an accuracy of 92.86% for classifying four
banana ripeness categories. Compared with the studies
presented in Table VII, the proposed model produced higher
classification accuracy. Differences in performance may be
influenced by dataset characteristics, image acquisition
conditions, preprocessing techniques, data augmentation
strategies, and model configuration. In addition, similarities
in color and texture between neighboring ripeness stages may
affect classification performance and contribute to prediction
errors.

Research on fruit ripeness classification has expanded
through the use of image processing, computer vision, and
deep learning techniques. Deep learning has been applied to
classify fruit maturity levels [19], while image processing

combined with fuzzy logic has been used to classify banana
size and ripeness [20]. Other studies have explored object
detection models such as YOLOv8 for fruit ripeness
identification [21]. Multimodal approaches that combine
visible-light and hyperspectral imaging have also been
reported to improve fruit maturity estimation [22]. An
improved banana ripeness detection model was later
developed for complex environmental conditions [23].
Comparative studies further showed that deep learning
methods generally achieve better performance than
conventional machine learning approaches in image-based
fruit classification tasks [24]. CNN-based approaches have
also been applied to banana ripeness classification. Previous
research demonstrated that CNN can be used to classify both
banana varieties and ripeness levels [25]. Model robustness
under varying illumination conditions was evaluated in [26],
while computer vision and deep learning techniques were
applied to identify chemically ripened bananas in [27].
Similar approaches have also been used for fruit and
vegetable ripeness assessment based on visual image
characteristics [28].

Results obtained in this study are consistent with previous
findings. Color and texture remain important features for
distinguishing different ripeness levels. Most testing samples
were classified correctly, although several misclassifications
occurred between neighboring categories with similar visual
characteristics. This observation is consistent with previous
studies that reported classification difficulties when
differences in color and texture become less distinct between
ripeness stages [16]. These findings were obtained from
images collected under specific acquisition conditions and
should be interpreted within the scope of this study.
Classification performance may vary when images are
captured under different lighting conditions, camera
specifications, background settings, or banana cultivars.
These factors were not evaluated in the present study and may
influence model performance in practical applications. Future
studies should evaluate more diverse datasets collected under
different environmental conditions to further assess model
robustness and generalization capability.

1VV. CONCLUSION

This study applied the ResNet50 architecture to classify
banana ripeness into four categories: unripe, ripe, overripe,
and rotten using digital images. The proposed model achieved
an accuracy of 92.86% on the testing dataset, demonstrating
its ability to learn color and texture characteristics associated
with banana ripeness. Most testing samples were classified
correctly, although several misclassifications occurred
between neighboring categories with similar visual
characteristics. The results indicate that ResNet50 achieved
good classification performance on the testing dataset used in
this study. This approach has potential applications in post-
harvest handling, quality control, and agricultural production
processes that require rapid and consistent ripeness
assessment. Future work may focus on expanding the dataset,

Banana Ripeness Classification Based on Color and Texture Using a CNN with ResNet50 Architecture (Raafiandy Wirawan

Avicenna, Christy Atika Sari, Eko Hari Rachmawanto)



3410

e-ISSN: 2548-6861

increasing image diversity under different environmental
conditions, comparing ResNet50 with other deep learning
architectures, performing repeated experiments to evaluate
model stability, and validating the model using external
datasets collected under different acquisition conditions.
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