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1. Introduction 

Horticulture is a branch of plant farming that cultivates plants in gardens or yards. 
Horticultural plants have economic value and are useful as resources for consumption [1]. 
Bananas are a horticultural plant that offers numerous health benefits due to their high 
concentration of carbohydrates, vitamins A, C, and E, among other nutrients [2]. The banana 
(Musa paradisiaca) is a highly favored fruit in Indonesia. Bananas are monocotyledonous plants 
that lack branches and have moist stems [3].  

Planting bananas is quite simple and they may grow anywhere. According to data from the 
Central Statistics Agency (BPS), 9.60 million tons of bananas were produced in Indonesia in 2022 
(https://www.bps.go.id, 2022). East Java, Lampung, and West Java are the three regions in 
Indonesia that produce the most bananas. In Indonesia, bananas come in a variety of varieties, 
such as raja, cavendish, susu, ambon, kepok, tanduk, and more [4]. 

Although there are many varieties of bananas in Indonesia, people find it hard to distinguish 
based only on their color and shape. With the advancement of technology, especially the 
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information technology, a number of technologies have emerged and can be applied to address 
different challenges in object differentiation. Deep Learning is one of technology which can be 
used to identify and categorize items [5]. One of machine learning technique called "deep 
learning" imitates the nerve system of the human brain [6]. The Convolutional Neural Network 
(CNN) approach is one of the Deep Learning techniques that can be employed. CNN is a neural 
network-based Deep Learning algorithm made to handle arrays of data, including images[7].  

Banana classification has become the subject of numerous studies. One of these studies 
uses the KNN and PCA methods to classify bananas based on RGB and HSV colors (mental, ripe, 
and too mature bananas), obtained accuracy of 90.9% [8]. An overall accuracy of 89,86% was 
obtained in other research by categorizing banana types using the Support Vector Machine 
approach [9]. The five different banana varieties, namely Raja, Kepok, Barangan, Lilin and Awak 
bananas were classified using the Backpropagation Method resulting in an accuracy level of 80% 
[10]. Research on the classification of banana types based on color, texture, and image shape 
features on seven different types of bananas (Ambon, Kepok, Susu, Raja, Mas, Raja Nangka, and 
Cavendish) was using the SVM and KNN methods. The test results indicate that the accuracy 
value of the SVM algorithm for classifying banana types based on color, texture, and shape 
features is 41.67%, 33.3%, and 8.3%, respectively, and the best K value is 2 on the color feature 
55.95%, the texture feature 58.33%, and the shape feature 45.24% [11]. Another study classified 
banana types (Kepok, Emas, Susu, Santen, Ambon, Raja, and Candi) this study proves that the 
algorithm with Linear Support Vector Machine (Linear SVM) is able to provide the best 
classification, which is 99.1% [12]. Since the deep learning approach has not being used in the 
aforementioned research on banana categorization, the image characteristics must be extracted 
before the learning process begin. 

Development of AI-powered sorting and grading system for efficient post-harvest 
management: Artificial Intelligence (AI) is used in the sorting and grading of banana fruits 
through the application of deep learning models such as EfficientNetB7 and NasNetLarge. These 
models are drilled on banana datasets to classify the fruits into various categories based on their 
quality and ripeness [13]. 

In the study of M. Senthilarasi, S Md.MansoorRoomi, M Maheesa, R Sivaranajani (2020), 
proposed a technique to identify banana varieties in India using deep convolutional neural 
network model to classify eight banana varieties namely Karpuravalli (ABB), Rasthali (AAB), 
Poovan (AAB), Nendran (AAB), Hill/Malai (AAB), Nali Poovan (AB), Monthan (ABB) and 
Grand Naine (AAA). The proposed deep learning banana variety classifier has obtained a better 
accuracy of 88.6% which is higher than the banana variety classification using VGG16 network 
model [14]. 

F. Huda and M. P. K. Putra previously carried out a study titled "Klasifikasi Jenis Buah 
Pisang Menggunakan Algoritma Convolutional Neural Network" which used 3000 banana 
datasets to be categorized in three different varieties of bananas: Jantan bananas, Kepok bananas  
and Muli bananas. The study only used learning rate as a criterion and yielded a 78% accuracy 
score when tested [15]. 

J. Halim and A. N. Fajar previously conducted a study titled "Klasifikasi Pisang Berbasis 
Algoritma VGG16 Melalui Metode CNN Deep Learning" which used 550 banana datasets to 
classify banana ripeness into 5 classes: unripe, slightly ripe, ripe, overripe, and rotten. The best 
performance of the model shown by the accuracy result of 83.53% with 50 epochs and it simply 
by just the epochs as the only parameter. [16]. 

This study aims to contribute to the development of technology in the horticulture sector 
by providing an automatic classification system that can help the agricultural industry identify 
and categorize bananas more accurately and efficiently by utilizing CNN as a Deep Learning 
method that can extract features automatically, so it does not require manual feature extraction as 
in conventional Machine Learning methods. The CNN algorithm is used because it can 
automatically extract features without human help. CNN's multi-dimensional object identification 
skills allow this technology to extract as much information as possible from the data [17]. Another 
reason for using CNN in this study is based on the findings of research conducted by Kamilaris, 
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A., & Prenafeta-Boldú, FX (2018) showing that CNN is a promising technique with high 
performance in terms of precision and classification accuracy, outperforming commonly used 
image transmission techniques. However, the success of each CNN model is highly dependent on 
the quality of the dataset used [18]. 

The shortcomings of previous studies used a relatively small dataset of 550-3000 images, 
this study used 6160 banana images, which are much larger, so it is expected to increase 
classification accuracy. In addition, there are also shortcomings in previous studies, most previous 
studies only use a few tuning parameters such as learning rate or number of epochs, so model 
optimization is still limited. While this study tested several learning scenarios, including dataset 
splitting, number of epochs, learning rate, and optimizer selection, in order to obtain the best 
combination of parameters to improve model accuracy. 

This study provides novelty in terms of the use of a large banana image dataset, extensive 
exploration of CNN parameters, and the potential application of the model in applications for the 
horticultural industry. In addition, this study contributes to the development of image-based AI 
technology in agricultural product classification, which is still relatively underexplored in 
Indonesia. 

 
2. Method 

The CNN algorithm is used to classify the different kinds of bananas in this study. The 
following steps make up the research stages used to categorize bananas: 

 
Figure 1: Stages of Research 

Planning, analysis, creating a categorization model, and evaluation outcomes are the four 
primary phases of the research that was conducted. The planning stage is the first step that is 
completed; it involves organizing the purpose and context of the research that is being conducted. 
This study was carried out because there are many different kinds of bananas in Indonesia, making 
it frequently difficult for individuals to tell one banana from another. Cavendish, kepok, raja, and 
taduk bananas are the several varieties of bananas that are categorized. To execute the training 
and testing process and implement the classification model, data is required. The information 
needed consists of pictures of Cavendish, kepok, raja, and tanduk bananas. The Asus Zenfone 
Max Pro M2 smartphone's camera was used to capture data in the form of pictures under typical 
lighting conditions using the Fast Burst Camera Mobile app. Training, validation, and test data 
will all be derived from the acquired images. The CNN algorithm will be used in the creation of 
the banana classification model that will be developed. In order to classify the test data, the model 
must be able to determine if the image is of a Cavendish, kepok, raja, and tanduk banana. 

 Following the completion of the planning stage, the research moves on to the second stage, 
which is the analyzing stage. In order to conduct the research, an analysis of what is required is 
done at this point. Image data of Cavendish, Kepok, Raja, and Tanduk bananas; 256x256 pixel 
image data; and image data with the extension .JPG are among the data required for this study. 

After the analyzing stage, the research moves on to the third stage, which is the design of 
a banana classification model. At this point, the data acquiring process, data preprocessing, CNN 
model creation, training model, and testing model are completed. Data acquisition is the process 
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of gathering and collecting data that will be utilized as material or sources for the research to be 
conducted. After collecting data is completed, the current images will go through a number of 
preprocessing processes to be modified to the needs, including data splitting, image augmentation, 
and data generator preparation. The dataset grouping in this study was done using multiple 
splitting ratios, as displayed in table 1. 

The ratio for class dataset partition is chosen randomly. The dataset splitting ratio seeks to 
determine which ratio will produce the best classification results [19]. In this study, various 
dataset ratio scenarios were tested to find out which one provides the highest accuracy and the 
lowest loss. The dataset splitting ratio used in this study were 80:10:10, 70:15:15, and 60:20:20, 
these splitting ratio were chosen because they are often used in Deep Learning because they 
consider the balance between training, validation, and testing. The main reason for choosing this 
ratio is to maintain a balance between training and generalization and the possibility of overfitting 
and underfitting. 80:10:10 is used when the amount of data is quite large, so that most of the data 
can be used to train the model without reducing validation and testing performance. 70:15:15 or 
60:20:20 are more suitable for smaller datasets or when stronger validation is needed to adjust 
hyperparameters. The model can overfit if too much data is used for training (for example 90% 
or more), that is, it relies too much on training data and is less able to recognize new data. 
Conversely, the model can underfit if the training data is too small (e.g. 50%), because it does not 
learn enough from the data to recognize complex patterns. Following the creation of the dataset, 
each dataset scenario is inserted into a directory form with the goal of making it easier to 
understand the directory in the following stage, as shown in Figure 2. 

Table 1: Ratio of the Dataset Splitting 
Splitting Ratio Data Percentage 

60:20:20 
Train 60% 
Validation 20% 
Test 20% 

70:15:15 
Train 70% 
Validation 15% 
Test 15% 

80:10:10 
Train 80% 
Validation 10% 
Test 10% 

 
Figure 2: Directory of Dataset Placement 

Image augmentation is the second step in the data preprocessing process. Because the CNN 
algorithm's features such as rescale, rotation range, shear range, zoom range, and horizontal 

Dataset

Train

01cavendish

02kepok

03raja

04tanduk

Validation

01cavendish

02kepok

03raja

04tanduk

Test

01cavendish

02kepok

03raja

04tanduk
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vertical flip are not invariant to the image augmentation, the image augmentation procedure is 
implemented. Figure 3 is an illustration of the outcomes of this procedure. Furthermore, the 
purpose of the picture augmentation method is to enable the program to identify additional shapes 
in the images. 

 
Figure 3. Example of rescale results (A), rotation range (B), shear range (C), zoom range and 

horizontal vertical flip (D) 

The third step in the preprocessing stage is creating the data generator, which defines the 
data source, following the completion of the image augmentation procedure. Several picture 
parameters are also defined during this procedure, such as the target size, batch size, class mode, 
and shuffle. The image dimension that will be used for training is called the target size. This study 
uses a target size of 256x256. Target size will automatically resize the image from 512x512 pixels 
to 256x256 pixels. The selection of the 256×256 pixel size is based on considerations of 
computational efficiency, input consistency, and optimization of the CNN architecture. This size 
is large enough to retain important details in the texture, color, and shape of the banana, but also 
small enough to allow fast and accurate processing in model classification. In addition, many 
Deep Learning studies in image processing use 256×256 because it has been proven to provide 
optimal results with various CNN architectures such as VGG16, ResNet, and MobileNet. Each 
training step's batch size is the quantity of photos entered. One way of classification selection is 
class mode. Class modes can be either category or binary. To change the order of the images in a 
folder so that it differs from the original order, use the shuffle command. 

Images of different banana varieties are then classified using the CNN model design. 
Tensorflow and Keras are used in the model design. The CNN model is divided into two phases: 
feature extraction and classification. In Figure 4, the CNN model design flow is depicted. 

Feature extraction is the initial step in CNN design. Through this process, the image will 
be encoded into a feature that is represented by a number. The Convolutional Layer and the 
Pooling Layer are the two components that make up the feature extraction process. The preceding 
layer will supply input to the convolutional layer. If the convolutional layer is an input layer, on 
the other hand, the layer is not computed and its input is the image's original size (256x256). 

Four convolutional layers were used in this research. There are 32 filters in the first and 
second layers, and 64 filters in the third and fourth layers. Every layer has a ReLu activation 
function and a 3x3 kernel size. The negative element value is changed to 0 using the ReLu 
activation function. By using down-sampling techniques, the pooling layer section seeks to 
decrease input (the amount of parameters). Max Pooling is the pooling type utilized in this 
investigation, and it will extract the maximum value from the kernel [20]. This study uses four 
Max Pooling layers, each with a 2x2 kernel size. The method moves on to the classification stage 
once the image has passed the feature extraction stage. This procedure, which includes the Flatten 
Layer and Fully-Connected Layer, will examine the outcomes of the earlier feature extraction. 
The final max pooling results will be fed into the Flatten Layer stage as a 2-dimensional array. In 
order to classify the image, a flatten function is required since the Fully-Connected Layer, the 

https://doi.org/10.31849/digitalzone.v16i1.
https://creativecommons.org/licenses/by-sa/4.0/deed.id


 
Published online on the website: https://journal.unilak.ac.id/index.php/dz 

Title of manuscript is short and clear, implies research results (First Author) 
 

n17 

subsequent stage, requires input in the form of a 1-dimensional array. The Flatten Layer findings 
will be fed into the Fully-Connected Layer portion as a 1-dimensional array. The final layer has 
four neurons, the number of which varies depending on the type of banana fruit to be classified. 
The final layer employs the Softmax activation function. The Softmax function will calculate the 
probability for each existing class. The Backpropagation algorithm is used in the part with 
completely linked layers. This algorithm works by completing two steps of calculation: forward 
calculation, which calculates the error value between the system output value and the value that 
should be, and backward calculation, which corrects the weight using the error value [21]. 

 
Figure 4: CNN Model Illustration 

Model training is part of the ongoing process. This procedure is supposed to yield a model 
that has been trained to recall visual patterns accurately from each learned class. The training 
process is carried out with previously preprocessed training and validation data. Figure 4 
illustrates the model training process flow. In training, the testing process is carried out utilizing 
three epoch scenarios: 15, 20, and 25. With the addition of epoch scenarios, the testing is 
performed using a variety of data splitting ratios from Table 1 epoch scenarios and two 
optimization scenarios.  

 
Figure 5. Training Model Flow 
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After the banana classification model design stage was completed, the research ended with 
the fourth stage, namely the results and evaluation stage. At this stage, the results were evaluated 
against the results of the banana classification model design that had been made. 

  
3. Results and Discussion 

The quantity of images taken of Cavendish, Kepok, Raja, and Tanduk bananas is shown in 
Table 2, and a total of 6160 images of these banana types were obtained. Additionally, the data 
was separated into three dataset scenarios, as shown in Table 3: 80:10:10, 60:20:20, and 70:15:15.  

Table 2: Data Quantity by Banana Type 
Number Banana Type Quantity of images  

1 Cavendish 1540 
2 Kepok 1540 
3 Raja 1540 
4 Tanduk 1540 

Table 3. Results of Data Splitting Scenario 

Scenario Data Banana Type 
Cavendish Kepok Raja Tanduk 

60:20:20 
Train 924 924 924 924 
Validation 308 308 308 308 
Test 308 308 308 308 

70:15:15 
Train 1078 1078 1078 1078 
Validation 231 231 231 231 
Test 231 231 231 231 

80:10:10 
Train 1232 1232 1232 1232 
Validation 154 154 154 154 
Test 154 154 154 154 

The training_datagen and validation_datagen augmentation process has multiple 
parameters, including rescale of 1/255 for pixel conversion, rotation_range of 180 for 180-degree 
rotation, shear_range of 0.2 for angle shift, zoom_range of 0.2 for image enlargement, and 
horizontal_flip and vertical_flip. However, only the rescale parameter is used for the 
augmentation procedure on test_datagen. Table 4 shows the illustration of the outcomes of the 
image enhancement. 

Tabel 4. Example of Image Augmentation Results 
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Creating a CNN model is the next step in the process after the data preparation is finished. 
A CNN model is constructed using a sequential model, which consists of four layers. It is evident 
from Figure 6, the model's output, that each layer generates distinct output parameters and shapes. 
It is possible to verify the model's output by doing computations by hand. 

 
Figure 6: Summary of Model Results 

Following the completion of the CNN architecture, research testing scenarios and the 
training process architecture are prepared. Several research testing scenarios are conducted during 
the training process by varying the number of epochs, optimization, and dataset partition. 

The model training procedure is carried out right after the CNN model’s ready to use. The 
train_generator data will be used to train the model, and the validation_generator data that was 
previously generated will be used for validation. Each epoch's history is shown in its entirely 
when the verbose parameter is set to 1. 15, 20, and 25 are the epochs used. Following the 
compilation of the dataset, 18 research testing scenarios were used for the model training 
procedure, as shown in Table 5.  

Table 5. Research Testing Scenario Training Outcomes 

Research 
Scenario 

Dataset 
Sharing  

(Data 
Train:Test:
Validation) 

Scenario 
Optimization 

Scenario 
Epoch 

Scenario 
Learning 

Rate 
Accuracy  

Validation 
Accuracy Loss Validation 

Loss 

Skenario 1 60:20:20 Adam 15 0.001 99.95% 100.00% 0.20% 0.00% 

Skenario 2 60:20:20 SGD 15 0.01 84.39% 93.02% 40.75
% 17.79% 

Skenario 3 60:20:20 Adam 20 0.001 99.92% 100.00% 0.32% 0.00% 

Skenario 4 60:20:20 SGD 20 0.01 96.00% 98.46% 11.06
% 6.37% 

Skenario 5 60:20:20 Adam 25 0.001 99.57% 99.92% 1.35% 2.79% 
Skenario 6 60:20:20 SGD 25 0.01 96.92% 98.70% 7.72% 3.89% 

Skenario 7 70:15:15 Adam 15 0.001 99.23% 99.89% 2.39% 0.33% 

Skenario 8 70:15:15 SGD 15 0.01 94.50% 96.75% 13.91
% 8.45% 

Skenario 9 70:15:15 Adam 20 0.001 99.54% 100.00% 1.30% 0.00% 

Skenario 10 70:15:15 SGD 20 0.01 96.08% 98.48% 11.34
% 5.60% 

Skenario 11 70:15:15 Adam 25 0.001 99.70% 100.00% 0.83% 0.18% 

Skenario 12 70:15:15 SGD 25 0.01 95.50% 99.24% 11.64
% 2.65% 
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Research 
Scenario 

Dataset 
Sharing  

(Data 
Train:Test:
Validation) 

Scenario 
Optimization 

Scenario 
Epoch 

Scenario 
Learning 

Rate 
Accuracy  

Validation 
Accuracy Loss Validation 

Loss 

Skenario 13 80:10:10 Adam 15 0.001 99.94% 100.00% 0.15% 0.00% 

Skenario 14 80:10:10 SGD 15 0.01 93.26% 98.05% 16.83
% 6.09% 

Skenario 15 80:10:10 Adam 20 0.001 99.57% 100.00% 1.00% 0.00% 
Skenario 16 80:10:10 SGD 20 0.01 97.04% 98.54% 8.94% 4.16% 

Skenario 17 80:10:10 Adam 25 0.001 99.92% 100.00% 0.21% 0.00% 

Skenario 18 80:10:10 SGD 25 0.01 87.09% 94.16% 34.51
% 13.52% 

Scenario 13 had the highest accuracy, validation accuracy, loss, and validation loss values 
out of the 18 scenarios that were run, according to the training comparison data in Table 6. 
Scenario 13 is composed with 15 epochs, the Adam optimizer, and a dataset comparison of 
80:10:10. In Figure 6, the training procedure for scenario 13 is displayed. 

The Adam optimizer performs better than the SGD optimizer across all cases. According 
to the findings of the analysis in Afis Julianto's research [22], the longer the training procedure 
and the higher the accuracy value, the larger the epoch value employed. According to Afis 
Julianto's research, the learning rate values of 0.01 and 0.001 are employed in learning; 0.001 is 
the learning rate that performs the best in this experiment [22]. 

 
Figure 7. Scenario 13 Training Process 

 
The training procedure was conducted for 15 epochs, as shown by the outcomes of scenario 

13's training process in Figure 7. The 41-minute training process was conducted via Google 
Collaboratory. In scenario 13, 4928 training data and 616 validation data were used for the 
training procedure. 

 
Figure 8. Scenario 13 Accuracy and Accuracy Validation Graph  
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The accuracy and accuracy validation graph for scenario 13 is shown in Figure 8. It is 
evident from Figure 8 that accuracy and accuracy validation are increasing with each epoch. The 
first to second epochs see the fastest increase. Following the second epoch, there is typically no 
discernible rise or reduction in accuracy or accuracy validation. 

 
Figure 9. Scenario 13 for Loss Validation and Loss Graph 

The loss and validation loss graph for scenario 13 is shown in Figure 9. It is clearly shown 
from Figure 9 that loss and validation loss reduce with each epoch. The first three epochs see the 
fastest decline. Testing is the next step in the process after model training is finished. The training 
result model from scenario 13 is the model that is utilized for testing. The data being tested comes 
from the 80:10:10 dataset, which contains up to 616 images. 

Each image's prediction result is shown in Figure 10. Numbers 0 through 3 appear in the 
Image Label and Prediction Label columns. The Cavendish banana class is represented by the 
number 0, the Kepok banana class by the number 1, the Raja banana class by the number 2, and 
the Tanduk banana class by the number 4. The bar chart can be used to create a graph that shows 
the prediction results from the test data. As shown in Figure 11, 154 of the photos are projected 
to be Cavendish bananas, 154 to be Kepok bananas, 130 to be Raja bananas, and 178 to be Tanduk 
bananas. 

 
Figure 10. Results of the Prediction 
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Figure 11. Graph of Prediction Outcomes 

Evaluation of the outcomes is the next step in the process once the model testing is finished. 
This procedure seeks to ascertain whether or not the developed model performs well. All of the 
forecasts from the Cavendish, Kepok, and Tanduk banana test data match the labels, as seen in 
Figure 12. In the meantime, 24 of the 154 Raja banana images were mispredicted. 

Accuracy, precision, recall, and f1-score are then determined using the equation following 
the completion of the confusion matrix: 

Accuracy = (TP + TN) / (TP+FP+FN+TN) 
Precision = (TP) / (TP+FP) 
Recall = (TP) / (TP + FN)  
F1=2. Precision.Recall / Recall+Recall 

After analyzing 616 images of banana types, the TP value was 592, FN was 24, TN was 
592, and FP was 24.  

 
Figure 12. Confusion Matrix Prediction Results 
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Figure 13. Accuracy, Precision, Recall, and F1 Score 

Figure 13 presents the model's average accuracy of 96%, indicating that it can accurately 
determine the four different banana varieties: Cavendish, Kepok, Raja, and Tanduk. This 
classification model shows a better level of accuracy than earlier researches conducted by F. Huda 
and M. P. K. Putra [15] as well as by J. Halim and A. N. Fajar [16], according to these findings. 
It can be stated that the model can performs better as a result of the higher number of datasets and 
also various testing parameters used. 

In this study, several findings were obtained, namely: first, high model accuracy. The 
developed CNN model achieved an average accuracy of 96% in classifying four types of bananas 
(Cavendish, Kepok, Raja, and Tanduk). This accuracy is higher than previous studies, such as 
that conducted by F. Huda [15], which only reached 78%. Second, the influence of the dataset 
splitting scheme. The 80:10:10 dataset splitting scheme gave the best classification results 
compared to other schemes (70:15:15 and 60:20:20). This scheme allows the model to obtain 
sufficient training data, without reducing the effectiveness of validation and testing. Third, the 
effectiveness of the adam optimizer. The adam optimizer gave better results compared to the SGD 
optimizer, producing higher accuracy and validation accuracy. Fourth, optimal epoch. 15 epochs 
produced the best performance, where the greatest increase in accuracy occurred in the early 
epochs (1-2), while after that it tended to be stable. loss and validation loss continued to decline, 
with the fastest decline in the first three epochs.  

The following is a discussion of the interpretation of the results obtained in this study. First, 
CNN model is effective for banana classification. The results show that CNN can automatically 
extract features from banana images without the need for manual feature extraction. The model 
can distinguish four types of bananas with high accuracy, especially in the Cavendish, Kepok, 
and Tanduk classes. Second, prediction error in the Raja Class, 24 out of 154 Raja images were 
predicted incorrectly, indicating that the model had little difficulty in classifying this type of 
banana. This error could come from the similarity of visual features between Raja bananas and 
other types, or the lack of samples for this class. Third, selection of the right parameters affects 
model performance. 80:10:10 as the best scheme shows that proportional splitting of the dataset 
is very important in minimizing overfitting and increasing model generalization. Adam optimizer 
and learning rate 0.001 are proven to provide optimal performance in this model. 

Some implications of this research are: first, use of deep learning in horticulture. This 
model shows that CNN technology can be applied to classify fruits with high precision, supporting 
automation in the agricultural and horticultural industries. Can be used to help farmers or 
distributors in sorting banana types automatically. Second, further development opportunities. 
This research opens up opportunities for the use of more complex models such as ResNet or 
EfficientNet to further improve accuracy. It can be further developed to detect banana ripeness, 
not just classify the type. Third, implementation in industry and market. This model has the 
potential to be used in the banana supply chain, where automation of classification can help 
packaging and distribution more efficiently. 
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There are still limitations that become challenges such as the model still experiences 
prediction errors in the Raja banana class, indicating that it may need dataset adjustments or 
additional augmentation techniques 
 
4. Conclusions 

The banana classification research using CNN algorithm was completed successfully. The 
CNN algorithm is used to classify four different types of bananas: Cavendish, Kepok, Raja, and 
Tanduk. The data acquisition stage of developing a banana classification model with CNN begins 
with capturing a dataset of 6160 banana images with a smartphone camera and splitting it into 
training, validation, and testing datasets. The images are then classified using 18 testing scenarios. 

Based on the CNN algorithm testing findings, the research testing scenario with the 
80:10:10 dataset scenario, the Adam optimization scenario, and the 15 epochs scenario is the best 
model, with the accuracy of 99.94% and a loss of 0.15. Using 616 test data, accuracy was 96%, 
with average precision and recall values of 97% and 96%, respectively. Based on these results, it 
is possible to conclude that the CNN algorithm accurately classifies four types of bananas. It may 
be possible to advance this idea by putting it into practice as an application. In this manner, 
consumers may realistically identify and categorize different kinds of bananas in enormous 
quantities. Additionally, by offering technologically based solutions, this application can help 
Indonesia's horticulture industry grow. 
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