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CNN performance evaluation using a confusion matrix. The dataset was split into
DenseNet-121 training and testing sets in an 80:20 ratio, with validation data extracted from
Image processing the training set in a 90:10 ratio. The models were trained on the training
ResNet-50 data, validated with validation data, and tested on the testing data to assess

final performance. The study concludes that the CNN architectures
employed are effective in classifying banana types, with the DenseNet-121
model achieving 93.02% accuracy, outperforming the ResNet-50 model,
which achieved 92.44%. These results indicate that the models can capture
essential features from banana images and produce accurate predictions.
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1. INTRODUCTION

As the most popular fruits in Indonesia, bananas are frequently consumed due to their affordability
and wide availability [1]. They are highly beneficial to health, being rich in vitamins, minerals, and Fiber [2],
[3]. Additionally, bananas can be processed into various food products that have a higher market value.
However, bananas come in numerous varieties that can be distinguished by their skin colour, texture, shape,
size, and taste [4]. Precisely differentiating between certain banana varieties presents a considerable
challenge owing to their nuanced visual resemblances [5]. This matter is especially vital for both consumers
and companies reliant on accurate classification to guarantee quality and appropriateness. The inability of
average consumers to visually distinguish between banana varieties may result in confusion. In industrial
applications, such as processed food processing, precise identification is equally critical. The Ambon banana,
renowned for its sweetness, is favoured to produce banana chips, underscoring the significance of choosing
the appropriate species for applications.

Artificial intelligence (Al) has emerged as a viable approach to streamline the classification of
banana varieties. We found that CNN-based models achieved high training accuracy (99.94%) but exhibited
a significant drop in testing accuracy (86.56%), suggesting challenges in generalizability. The proposed
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method in this study tended to have an inordinately higher proportion of misclassifications among visually
similar banana varieties, highlighting the need for more advanced architectures [6], [7]. One common
example of Al in everyday life is its use in fingerprint recognition or face detection for unlocking
smartphones. One method used in such recognition tasks is deep learning (DL). DL is a subfield of Al that
focuses on developing complex neural network models with the capability to make decisions based on
accurate data [8], [9]. Within DL, convolutional neural network (CNN) architectures are particularly effective
in classification tasks, especially those involving images [10], [11].

This study investigated the effects of using CNNs for banana classification. While earlier studies
have explored the impact of CNN models in classifying different banana varieties, they have not explicitly
addressed its influence on more complex scenarios, such as distinguishing visually similar banana varieties.
[12], [13]. A previous study achieved an impressive training accuracy of 99.94% but only attained 86.56%
testing accuracy [14], [15]. Although this demonstrates the potential of CNNs, their reliance on fundamental
CNN architectures limits their applicability to intricate classification challenges.

The use of more advanced CNN architectures, such as ResNet-50 and DenseNet-121, can enhance
accuracy in the identification and classification of banana types. In prior research, ResNet-50 achieved
remarkable results, with a 97.7% F1-score accuracy, 97.91% precision, and 97.77% recall in a case study
involving the classification of meat images divided into three classes [16], [17]. Additionally, DenseNet-121
outperformed VGG-19 and ResNet-50 in a study on COVID-19 detection using lung X-ray images [18], [19],
also divided into three classes. Both architectures have proven effective in image classification, as they can
extract relevant features from images and delivering high accuracy. In a study focused on identifying healthy
and defective bananas, ResNet-50 was used as the model and provided accurate results, with up to 99%
accuracy and minimal error, using a 40:60 ratio of training to testing data [20], [21]. Furthermore, in a fruit
recognition study using CNN, DenseNet-121 emerged as the faster model in predicting images, at 45 ms,
compared to ResNet-50, which took 74 ms [22].

However, whereas sophisticated CNN architectures like as ResNet-50 and DenseNet-121 have
demonstrated exceptional performance across several applications, their specific effectiveness in classifying
banana types has yet to be thoroughly examined. Our research indicates that elevated classification accuracy
in other fields, such as COVID-19 detection and meat classification, does not inherently result in enhanced
performance in banana classification, where visually analogous kinds provide a distinct difficulty. The
suggested method might gain from preprocessing techniques like background removal and denoising, without
negatively affecting classification accuracy, as noted in prior fruit identification research. The difficulty
resides in precisely identifying several banana cultivars, which frequently display nuanced morphological
distinctions. This work presents a customized methodology utilizing ResNet-50 and DenseNet-121
architectures for the categorization of bananas to solve existing gaps. This study seeks to assess the efficacy
of these architectures by concentrating on three principal contributions: broadening the classification range to
five unique banana varieties utilizing a balanced dataset, incorporating preprocessing methods such as
background elimination and denoising to enhance image quality, and delivering a comparative analysis to
determine the most effective architecture for this task. This work aims to identify the architecture that
provides the optimal balance of accuracy and speed through the training and evaluation of these models.
The created model can be utilized for autonomous banana classification with high accuracy, significantly
contributing to agricultural technology and food processing.

The study procedure and outcomes are explained coherently and methodically throughout the
publication. It begins with a detailed description of the approach, then presents the experimental findings, and
concludes with a discussion of the implications and prospects. Each section helps readers understand idea
development and the study’s importance. As described, configuration:

— Section 2 delineates the process, encompassing dataset preparation and CNN implementation.
— Section 3 delineates the experimental findings and performance evaluations.
— Section 4 finishes with the consequences and prospective directions of this research.

2. METHOD
2.1. Deep learning

Al, or better known as artificial intelligence, is a branch of computer science that focuses on the
development of systems capable of mimicking human intelligence [23]. Al aims to create systems that are
not only capable of mimicking human behavior, but can also execute tasks that traditionally require human
intervention in a more efficient and faster manner. Through Al, computers are equipped with the ability to
accomplish a variety of complex tasks that typically require thinking, analyzing, decision-making, and
problem-solving-activities that previously could only be performed by humans [24], [25]. For example,
Al can be used to perform facial recognition, natural language processing, and product recommendations in
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e-commerce platforms [26], [27], all of which require Al to process data and produce outputs that suit the
user’s needs.

DL is a fast-growing Al discipline. DL creates sophisticated neural network models [28]. These
models use extensive and reliable data analysis to make decisions. The DL method defines “deep” as the
number of layers in the neural network used to analyze input. More layers mean a deeper learning process,
allowing the model to capture complicated data patterns. These neural networks’ multiple processing layers
enable computers to learn from vast volumes of data, spot patterns, and make accurate predictions [29].
DL has advanced Al in image recognition, voice processing, and autonomous cars, where speed and accuracy
are key. Figure 1 shows research progress.
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Figure 1. Research stages

2.2. Data collection and pre-processing

Raja, Nangka, Kepok, Barangan, and Ambon bananas are photographed in 860 high-quality images
for this study. The dataset includes 537 photos from Kaggle.com, a popular site for datasets, plus 35
separately shot photographs under controlled lighting circumstances to increase banana variety diversity and
representation. Table 1 shows that 168 pictures are assigned to Raja banana, 170 to Nangka banana, 176 to
Kepok banana, 170 to Barangan banana, and 176 to Ambon banana, ensuring a balanced dataset for analysis.

Table 1. Bananas picture dataset

No Types of bananas Sample banana picture Number of pictures
1. Ambon banana 176
2. Barangan banana 170
3. Kepok banana 176
4. Nangka banana 170
5. Raja banana 168
Total 860
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The gathered photos underwent an extensive preprocessing procedure to guarantee uniformity and
quality. Initially, all photos were scaled to 224x224 pixels to conform to the input specifications of the CNN
designs. Pixel values were standardized to a range of 0-1 to standardize the data and improve model training.
Supplementary preprocessing measures involved background removal by segmentation models, utilized to
eradicate noise and distractions in the photos, hence maintaining emphasis on the banana features. Data
augmentation methods, including random rotations, horizontal flipping, and scaling, were employed to
artificially enlarge the dataset, enhancing its diversity and mitigating the risk of overfitting during training.
For the pre-processing stages of the dataset are described in the Pseudocode 1.

Pseudocode 1. Preprocessing and classification
Step 1. Import necessary libraries.

. Tensorflow, OpenCV, Numpy and Pandas
Step 2. Load and label the dataset.
. Dataset of 860 images representing five banana types: Raja, Nangka, Kepok, Barangan
and Ambon
. Assign label y; for each image x;.
. Example: label data = [(image, label) for image, label in dataset]
Step 3. Clean the dataset.

. Validate images based on size and format.
o Remove corrupted or invalid images using the rule V(x;):

X = {x;| V(x;) = True}

Step 4. Apply pre-processing steps to the dataset.
Step 4.1. Normalize pixel values.

N P”—mln(P)

Py = max(P) — min(P)

Step 4.2. Resize image to 224x224 pixels for CNN compability.

Step 5. Perform data augmentation
. Techniques: random rotations, horizontal flipping, scaling.
. Augmented data:

Xaug = Uxiex {Tk(xi)lTk € T}

Step 6. Remove background from images.
. Use segmentation models to identify and subtract background:

% = F(x)\B(x;)

Step 7. Apply filtering dan denoising.
Step 7.1. Use convolutional filters:

)EL- =X; * K
Step 7.2. Apply median filter for noise reduction:
x; = median(x;, k)

Step 8. Split dataset into training, validation, and testing sets
. Training: 80%, validation: 10% (from training), testing: 20%.
Step 9. Define and initialize CNN architectures.
Step 9.1. Use ResNet-50 and DenseNet-121 pre-trained models.
Step 9.2. Configure models with:
. Optimizer: Adam
. Learning rate: 0.001
. Los function: categorical cross entropy
Step 10. Train the models
. Number of Epoch: 50
. Batch size: 32
Step 11. Evaluate model performance.
. Metrics: accuracy, precision, recall, Fl-score
. Generate confusion matrics to analyze misclassifications.
Step 12. Use the trained models for classification.
Test the models on unseen data to verify performance.
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2.3. Convolutional neural networks

CNNs are widely used for image identification, classification, object detection, and face recognition
[11], [30]-[32]. CNN's are designed to analyze and understand array data, making them excellent in managing
and categorizing images. CNNs classify images into dogs, cats, tigers, and lions after processing them using a
series of layers.

Pixel arrays, depending on resolution, are what computers [33]. Resolution determines the
dimensions of an image matrix. An RGB image may be represented as a 6x6x3 matrix with 3 representing
the three color channels. In contrast, a grayscale picture is a 4x4x1 matrix. CNNs perform a series of
operations on each input picture to train and assess deep learning models [34]. Figure 2 shows how the
picture is passed via convolutional layers with filters or kernels, pooling layers, fully connected layers, and
the SoftMax function to categorize the item with a probability value from 0 to 1. CNNs have three layers:
input, hidden, and output. The input layer receives input data, such as images, and converts it into a format
the following layers can process [35]-[37]. Hidden layers convolutional and pooling layers perform most
CNN computations by extracting important properties from input data and transforming them into more
sophisticated representations. Model layers increasingly filter picture input, improving the model’s
understanding of visual patterns. The output layer, the model’s last layer, categorizes the object based on the
probabilities derived in the previous phases. CNNs are effective in many applications, notably those that
analyze image and video data [38]. This architectural style lets models instantly learn from unprocessed data
and precisely recognize complicated patterns, advancing Al technology.
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Figure 2. Neural networks with many convolutional layers

2.3.1. ResNet-50 (CNN architecture)

In 2015, Kaiming He and his team created ResNet-50, a ResNet variant [39]. The 50-layer
architecture has convolutional, pooling, and fully connected layers. ResNet-50’s residual blocks make it
superior to other artificial neural networks. A residual block adds the input of the previous layer to the output
of a layer after several convolution layers using skip or shortcut connections.

This approach addresses the vanishing gradient problem in deep network training [40]. In normal
deep networks, the gradient reduces as it travels to the previous layer, making data learning difficult.
Residual connections keep information flowing, thus ResNet-50 can learn with several layers. Residual
connections allow the model to learn identity mapping, so a layer with no significant input will not effect the
previous layer. This makes ResNet-50 accurate and trainable.

Figure 3 shows that architecture is a common backbone model in Al applications and international
image classification, object identification, and segmentation contests like ImageNet. The deep learning
community prefers ResNet-50 for its balance between network depth and computational efficiency and its
reliable results in many situations.
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Figure 3. ResNet-50 architecture
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2.3.2. DenseNet-121 (CNN architecture)

In 2017, Gao Huang and his colleagues updated DenseNet to create DenseNet-[41]. Convolutional,
pooling, and fully linked layers make up the 121-layer model. Its approach is unique compared to ResNet.
DenseNet-121’s main innovation is dense connections, which link each layer to all previous layers shown in
Figure 4.

In DenseNet, each layer’s output feeds the next layer and all future levels in a block. Thus, each
layer may use all the information from the previous levels, improving learning efficacy and allowing the
model to acquire more complex characteristics. DenseNet-121 uses dense connections to improve
information and gradient propagation. It also reduces feature duplication, reducing the amount of parameters.

This approach speeds gradient flow and convergence during training while making DenseNet-121
memory and computation economical. Due to feature reuse, DenseNet-121 is known for preventing
overfitting [42]. This architecture has performed well in numerous picture classification tasks, including
ImageNet, and is extensively used in academia and industry.

11w 10 115150 om0 00
adllls 88

Figure 4. DenseNet architecture

2.4. Evaluation
2.4.1. Confusion matrix

Confusion matrixes are tabular representations used in machine learning and statistical classification
to evaluate classification methods [43]. t helps understand how the model distinguishes classes in a
classification challenge. The confusion matrix is useful for binary and multiclass classification issues and
provides a detailed comparison of model predictions and results [44]. 2x2 confusion matrix for binary
classification is typical, as seen in Table 2.

Table 2. Structure of a confusion matrix

Actual _ _ _Prediction _ _
Predicted positive  Predicted negative
Actual positive TP FN
Actual negative FP TN

The confusion matrix consists of four terms that describe the outcomes of the categorization process,
specifically:
— True positive (TP): the model correctly predicts the positive class.
— False positive (FP): the model incorrectly predicts the positive class for a negative instance.
— True negative (TN): the model correctly predicts the negative class.
— False negative (FN): the model incorrectly predicts the negative class for a positive instance.

2.4.2. Accuracy
Accuracy measures the proportion of correct predictions (both true positives and true negatives)
over the total number of predictions. It provides a general measure of model performance.

TP+TN

Accuracy = ——
Y = TPTN+FP+EN
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Use of accuracy matrix is best for datasets where the classes are balanced (equal positive and
negative instances).

2.4.3. Precision

TP
TP+FP

Precision =

Precision is the percentage of positive predictions that were right. It shows the model’s false positive
avoidance. Useful in spam email detection to reduce false positives.

2.4.4. Recall (sensitivity or true positive rate)

TP
TP+FN

Recall =

Recall is the percentage of positive cases predicted correctly per total positive instances. It shows the
model’s genuine positive detection. In medical diagnostics, reducing false negatives is crucial.

2.4.5. F1-score

Precision .Recall
F1—Score =2. ——

Precision+Recall

The harmonic mean of precision and recall is F1-score. The trade-off between these two measures is
balanced, particularly in unbalanced datasets. Effective when erroneous positives and negatives cost a 1oT.

3. RESULTS AND DISCUSSION

The dataset is partitioned into 80% for training and 20% for testing to streamline model training and
testing, laying the groundwork for model validation. This research examined how picture quality affects
model performance using three datasets with distinct attributes. D1 includes photos with natural backdrops
that correctly depict real-life events. The images were tagged, cleaned, enhanced, normalized, and resized.
D2 adds background removal and filtering to D1, creating a controlled white backdrop that eliminates
background noise. Dataset 3 (D3) uses image denoising to improve D2 pictures and highlight banana traits.
Most crucially, each dataset maintains the same amount of pictures for each grade, guaranteeing grading
consistency. Table 3 shows how this adaptable method may evaluate the model’s performance in numerous
contexts, boosting the conclusions’ applicability.

Table 3. Banana image dataset difference
Proses D1 D2
Class labeling
Cleaning the dataset
Augmentation
Normalization
Resize
Remove background
Filtering
Denoising

Z
o
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v v
v v
v v
v v
v v
v
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1/

9 Sample image

(&

7 S

This exhaustive investigation examined 32 hyperparameter combinations. The combinations
included 16 and 32 batch sizes, 10 and 50 epochs, Adam and Nadam optimizers, mean squared error (MSE)
and cross entropy loss functions, and Sigmoid and SoftMax activation functions. This research evaluates all
32 hyperparameter combinations in a thorough and impartial manner. The goal is to find the best
configuration for boosting model performance across datasets with varied attributes. After training, the model

Indonesian J Elec Eng & Comp Sci, Vol. 39, No. 1, July 2025: 322-335



Indonesian J Elec Eng & Comp Sci ISSN: 2502-4752 a 329

is thoroughly tested to see whether it can classify banana pictures. The evaluation process involves testing the
test dataset and calculating accuracy, precision, recall, and F1-score. Calculate the probability for each test
data class and then choose the class with the highest probability as the projected class. This methodical
approach accurately assesses the model’s prediction abilities, revealing its strength and reliability in real-
world situations.

3.1. Evaluation of classification models with ResNet-50 architecture

The training results for the ResNet-50 architecture indicate that the model has a total of 28,047,749
According to ResNet-50 architecture training results, the model contains 28,047,749 parameters and
106.99 MB. This data is separated into 27,994,629 trainable parameters (106.79 MB) and 53,120 non-
trainable parameters (207.50 KB). The model is adept at gathering and comprehending data features.

The model can recognize complex data patterns because to its many trainable parameters, resulting
in excellent classification performance. Table 4 shows the best hyperparameter combinations for accuracy
across three datasets. Each dataset has distinct properties that affect model performance. After testing, dataset
2 has the greatest accuracy with batch size of 16, 50 epochs, Nadam optimizer, crossentropy loss function,
and sigmoid activation function. This combo has 92.44% accuracy.

Figure 5 displays the accuracy and loss graphs for both training and validation. The initial training
accuracy is high and remains consistently close to 100%, but the validation accuracy gradually improves and
stabilizes at around 90% Figure 5(a). The loss graph demonstrates that the training loss is consistently low
from the start, but the validation loss fluctuates before ultimately settling at a low value Figure 5(b). These
results demonstrate that the ResNet-50 model does not suffer from overfitting and exhibits strong
performance on the validation data. It maintains a steady level of accuracy and has low loss over the course
of 50 epochs.

Table 4. Parameter and best accuracy for ResNet-50
Parameter Dataset 1 (D1) Dataset 2 (D2) Dataset 3 (D3)

Batch size 16 16 16
Epoch 50 50 50
Optimizer Nadam Nadam Nadam
Loss function  Cross entropy  Cross entropy Mse
Activation Sigmoid Sigmoid Sigmoid
Accuration 85.47 92.44 90.12
Training and Validation Accuracy . Training and Validation Loss
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Figure 5. Accuracy (a) loss graphs and (b) for training and validation on ResNet-50 architecture

The confusion Matrix representation in Figure 6 displays the highest performing results achieved by
ResNet-50 on dataset 2. The precision, recall, accuracy, and F1-score are recorded as 92.81%, 92.52%,
92.44%, and 92.28% respectively. The confusion matrix indicates a high level of agreement between the
predicted and actual classes, with only a few misclassifications evident from the off-diagonal values.
In general, the model is proficient in differentiating between several categories. The duration required is
4.445 seconds each step, highlighting a substantial computing need for each repetition.
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Figure 6. ResNet-50 highest performing results

3.2. Evaluation of classification models with DenseNet-121 architecture

The training results for the DenseNet-121 architecture are displayed in Table 5. The model summary
reveals a total of 9,400,389 parameters (35.86 MB), which can be further broken down into 9,316,741
trainable parameters (35.54 MB) and 83,648 non-trainable parameters (326.75 KB). This demonstrates that
the model possesses the capability to effectively acquire and understand distinctive characteristics from the
given data. Due to its numerous trainable parameters, the model is capable of identifying intricate patterns
within the data, resulting in exceptional classification results.

We evaluated the model’s performance using several combinations of hyperparameters, similar to the
ResNet-50 design. Figure 7 displays the optimal combination of hyperparameters that achieves the highest
accuracy across three distinct datasets, each with unique properties that impact the performance of the model.

According to the test findings, dataset 2 (D2) achieved the highest accuracy of 93.02% utilizing a
batch size of 32, 10 epochs, the Adam optimizer, the MSE loss function, and the sigmoid activation function.
Figure 7(a) displays the graphs of training and validation accuracy. It is evident that training accuracy
experiences a quick increase and then reaches a stable level close to 100% after a few epochs. The validation
accuracy exhibits a substantial rise and reaches a stable level of approximately 90%. Furthermore, the loss
graph indicates that the training loss is consistently low from the start, whereas Figure 7(b) demonstrates a
substantial decline in the validation loss, eventually stabilizing at a low value. The results demonstrate that
the DenseNet121 model exhibits no signs of overfitting and achieves high performance on the validation
data. It maintains consistent accuracy and experiences minimal loss during multiple training epochs.

Training and Validation Accuracy Training and Validation Loss
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Figure 7. Accuracy (a) loss graphs and (b) for training and validation on DenseNet-121 architecture
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Table 5. Parameter and best accuracy for DenseNet-121

Parameter Dataset 1 (D1) Dataset 2 (D2) Dataset 3 (D3)
Batch size 16 32 32
Epoch 10 10 50
Optimizer Nadam Adam Nadam
Loss function MSE Mse Cross entropy
Activation Sigmoid Sigmoid Sigmoid
Accuration 87.21 93.02 91.28

Figure 8 demonstrates the classification model’s strong performance, achieving a precision of
93.27%, recall of 93.37%, accuracy of 93.02%, and an F1-score of 92.98%. The confusion matrix indicates a
high level of agreement between the predicted and actual classes, with only a few misclassifications evident
from the off-diagonal values. In general, the model is proficient in discerning between several categories.
The duration required is 5.421 seconds for each step, indicating a substantial processing demand for each
iteration.
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Figure 8. DenseNet-121 highest performing results

This experiment compares ResNet-50 and DenseNet-121 architectures for banana picture
classification across datasets and preprocessing methods. For tasks requiring reliable classification, ResNet-
50 showed excellent generalization abilities, retaining validation accuracy and low loss. Despite being more
computationally intensive, DenseNet-121 outperformed in accuracy, precision, and recall, especially on
dataset 2 (93.02% accuracy). These data suggest that DenseNet-121 is preferable for precision-intensive
applications, particularly those that need to decrease misclassification. Dataset 2-with background removal
and filtering-outperforms others in accuracy and precision, demonstrating the requirement for preprocessing.
CNN model feature extraction requires background noise removal, as shown by this finding.

Dataset 3 improved visual quality and classification effectiveness with further denoising. The
accuracy gain was minimal, and Dataset 3’s computational complexity showed declining benefits compared
to dataset 2. Performance improvements must be balanced with processing needs due to the preprocessing
complexity-computing efficiency tradeoff. For instance, dataset 3 provided a more comprehensive
examination of banana features, yet its performance difference from dataset 2 shows that background
reduction and filtering may greatly enhance classification results in various actual circumstances. These
findings emphasize the relevance of well-designed preprocessing pipelines for model performance and
computational efficiency. Table 6 shows model performance across datasets.

Table 6. Summary of model performance across datasets

Model Dataset Accuracy Precision Recall Fl-sore Processing time
D1 85.47 85.32 85.21 85.10 4.445
ResNet-50 D2 92.44 92.81 92.52 92.28 4.445
D3 90.12 90.32 90.14 90.01 4.445
D1 87.21 87.33 87.14 87.23 5.421
DenseNet-121 D2 93.02 93.27 93.37 92.98 5.421
D3 91.28 91.34 91.21 91.15 5.421
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The results of this study have considerable significance for agricultural automation and other fields.
By combining sophisticated preprocessing pipelines with advanced CNN architectures, this work
demonstrates how automated systems can classify crops with high accuracy and efficiency, significantly
reducing the reliance on manual labor in agriculture. The concept extends beyond agriculture, holding
significant implications for domains necessitating precise picture categorization, including defect
identification in manufacturing and medical diagnostics. These findings create a foundation for formulating
resilient, scalable methods that tackle the issue of nuanced visual discrepancies in categorization tasks,
thereby connecting research with practical applications. The scalability of this approach is evident in its
potential applications across diverse industries, including manufacturing and healthcare. The heightened
processing requirements of DenseNet-121 (5.421 seconds per step) underscore the need to investigate
lightweight CNN architectures, like MobileNet, for use in resource-limited settings. Future studies should
focus on expanding the dataset to include additional banana varieties and exploring more advanced
preprocessing techniques, such as color space transformations, to improve classification accuracy.
Furthermore, the integration of these models with loT-based systems might facilitate real-time applications,
optimize agricultural operations, and enhance smart farming solutions.

4. CONCLUSION

The study showcases the efficacy of the DenseNet-121 framework in attaining exceptional accuracy
in the categorization of banana types, with a precision rate of 93.27%, a recall rate of 93.37%, and an
F1-score of 92.98%. Our findings provide conclusive evidence that DenseNet-121 is a highly effective model
for classifying banana varieties, particularly in scenarios requiring high precision and recall. DenseNet-121
demonstrated its capability to effectively classify banana varieties, particularly in scenarios requiring high
precision and recall. The study emphasizes the significance of preprocessing approaches, such as background
removal and noise reduction, in improving the quality of the dataset, which directly enhances model
performance. These preprocessing techniques played a critical role in enabling the model to accurately
distinguish between visually similar banana types. In addition, DenseNet-121 is highly efficient because of
its reduced model size of 35.86 MB makes it suitable for deployment in resource-constrained environments.

However, this study has certain limitations that may impact the generalizability of the results.
The relatively slow processing time of DenseNet-121, at 5.421 seconds per step compared to ResNet-50,
presents a trade-off between computational efficiency and classification accuracy, potientally limiting its use
in real-time or time-sensitive applications. Furthermore, the study was limited to only two CNN
architectures, ResNet-50 and DenseNet-121, without exploring other architectures, such as MobileNet or
InceptionVV3, which may provide better trade-offs between speed and performance. The dataset, while
balanced, was limited in scope and may not fully represent the variations in banana morphology across
different environmental conditions. As a result, further and more in-depth studies are needed to confirm the
model’s effectiveness, particularly in large-scale applications and dynamic environments.

Future research should address these limitations by evaluating more broader range of CNN
architectures and experimenting with datasets that are more representative of real-world conditions to further
improve classification performance. Expanding the dataset will further improve classification robustness.
Additionally, integrating the model into loT-based smart farming systems and testing it under real-time
constraints could enhance its practical applicability in agriculture and industry. These enhancements would
contribute to developing a more efficient and widely applicable banana classification system.
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