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ABSTRAK

Banana ripeness classification is an important task in agriculture and food processing that supports
automatic and objective sorting processes. Advances in deep learning, particularly Convolutional
Neural Networks (CNNs), have demonstrated high capability in image classification tasks. This
research aims to analyze and compare the performance of three CNN architectures, namely VGG16,
VGG19, and EfficientNetB5, for image-based banana ripeness classification, considering both
classification performance and computational efficiency. The dataset used was the Banana Ripeness
Classification Dataset, consisting of 1,080 images categorized into three classes: unripe, ripe, and
overripe. The dataset was divided into training (70%), validation (15%), and testing (15%) sets. All
models were implemented using a transfer learning approach with ImageNet pretrained weights and
trained for 30 epochs using the Adam optimizer. Model performance was evaluated using accuracy,
precision, recall, and F1-score, while computational performance was assessed based on the total
number of parameters, model size, and average inference time per image. The results show that VGG16
and VGG19 achieved the best classification performance, obtaining an accuracy of 99.38%, precision
of 0.99, recall of 0.99, and Fl-score of 0.99. In contrast, EfficientNetB5 achieved an accuracy of
91.36%, precision of 0.92, recall of 0.91, and F1-score of 0.91. In terms of computational performance,
VGG16 contained 15.24 million parameters, with a model size of 58.2 MB and an average inference
time of 32.6 ms per image. VGG19 contained 20.29 million parameters, with a model size of 77.4 MB
and an average inference time of 39.8 ms per image, while EfficientNetB5 contained 30.50 million
parameters, with a model size of 116.8 MB and an average inference time of 45.7 ms per image. These
findings demonstrate that VGG16 and VGG19 provide superior classification performance compared
with EfficientNetBS on the utilized dataset, while VGG16 also offers the lowest computational
requirements among the evaluated architectures. Therefore, VGG16 represents a promising architecture
for developing an accurate and computationally efficient image-based banana ripeness classification
system for automated sorting applications.

KEYWORDS: Image Classification, Banana Ripeness; Deep Learning; Convolutional Neural
Networks.

classification using digital

image processing has

ruit ripeness classification plays a crucial role in

modern agriculture because it directly influences
harvesting  decisions, product quality, storage
management, and market value. Accurate assessment of
fruit maturity enables farmers and distributors to
minimize post-harvest losses while ensuring that fruits
reach consumers at the optimal stage of ripeness.
Traditionally, fruit ripeness has been evaluated through
manual inspection based on color, texture, and
appearance. However, this approach is subjective, labor-
intensive, and highly dependent on the experience of
human inspectors, resulting in inconsistent classification
outcomes. Consequently, automatic fruit ripeness

attracted increasing attention as an effective alternative
for improving consistency and efficiency [1], [2].
Recent advances in deep learning, particularly
Convolutional Neural Networks (CNNs), have
significantly improved image classification performance
across various agricultural applications. CNN-based
models have been successfully applied to plant disease
identification, fruit recognition, and ripeness
classification because of their ability to automatically
extract hierarchical visual features from images. Among
the widely adopted CNN architectures, VGG16 and
VGG19 are recognized for their simple yet effective
deep feature extraction capability, while EfficientNetB5
introduces a compound scaling strategy that aims to
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achieve better computational efficiency without
sacrificing classification performance. Previous studies
have demonstrated promising results using these
architectures individually for agricultural image
classification. However, most existing studies primarily
evaluate a single architecture or compare only a limited
number of models under different datasets and
experimental settings, making direct performance
comparisons difficult [3], [4].

Despite these advances, a comprehensive evaluation
of representative CNN architectures for banana ripeness
classification under identical experimental conditions
remains limited. Differences in datasets, preprocessing
techniques, data augmentation strategies,
hyperparameter configurations, and evaluation metrics
across previous studies hinder objective assessment of
model performance. As a result, it remains unclear
which architecture provides the most suitable balance
between classification accuracy and computational
efficiency for banana ripeness classification [5].

To address this limitation, this research performs a
systematic =~ comparative  evaluation of  three
representative  CNN architectures, namely VGGI16,
VGGI19, and EfficientNetBS5, using a publicly available
banana ripeness image dataset. All models are
implemented using transfer learning with the same
preprocessing  procedures, data  augmentation
techniques, training strategy, and evaluation protocol to
ensure a fair comparison. Model performance is
evaluated using accuracy, precision, recall, F1-score,
and confusion matrix analysis, while training behavior
and computational efficiency are also considered to
provide a comprehensive assessment [6], [7].

The main objective of this research is to analyze and
compare the classification performance of VGGI16,
VGG19, and EfficientNetBS in recognizing three
banana ripeness categories: unripe, ripe, and overripe.
These three categories were selected based on the class
structure of the utilized Banana Ripeness Classification
Dataset, providing a coarse-grained representation of the
major stages of banana ripeness. While this three-class
configuration enables a simpler and more consistent
classification task, it provides less detailed maturity
information than fine-grained commercial grading
systems, which may distinguish additional intermediate
ripeness stages or quality levels. Therefore, the three-
class approach represents a trade-off between dataset
availability, classification simplicity, and grading
granularity.The novelty of this research lies in
establishing a consistent benchmarking framework that
evaluates representative CNN architectures under
identical experimental settings, enabling an objective
comparison of their classification capability and
computational characteristics. The findings are expected
to provide practical guidance for selecting appropriate
deep learning models for intelligent fruit ripeness
classification systems and contribute to the development
of computer vision-based technologies for smart
agriculture [8], [9].

2. METHODS

2.1. Research Design

This research employed an experimental research
design to compare the performance of three
Convolutional Neural Network (CNN) architectures,
namely VGG16, VGGI19, and EfficientNetBS, for
banana ripeness classification. The experiments were
conducted wunder a controlled and consistent
experimental framework to facilitate a fair comparison
among the three models. All models were implemented
using transfer learning and trained using the same
dataset, data split, preprocessing techniques, data
augmentation strategies, batch size, number of training
epochs, optimizer, loss function, and evaluation metrics.
However, the learning rate was treated as an
architecture-specific hyperparameter and was adjusted
according to the optimization characteristics of each
pretrained architecture. The overall workflow consisted
of dataset acquisition, image preprocessing, data
augmentation, model development, model training,
performance evaluation, and comparative analysis[10],
[L1].

2.2. Dataset Acquisition

The dataset used in this research was obtained from
the publicly available Banana Ripeness Classification
Dataset on Kaggle. The dataset contains RGB images of
bananas categorized into three ripeness levels: unripe,
ripe, and overripe. Representative samples of each
ripeness class are presented in Table 1.

Table 1. Distribution of Banana Ripeness Dataset

Image Class Number of
Images
Unripe 360
Ripe 360
Overripe 360
Total 1080

A total of 1,080 images were used in the
experiments. The dataset was divided into training,
validation, and testing subsets with a ratio of 70%, 15%,
and 15%, respectively, resulting in 756 training images,
162 wvalidation images, and 162 testing images,
respectively. The three subsets were maintained
separately to prevent data leakage between training and
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evaluation. Although the dataset size is relatively
modest for deep learning experiments, it provides a
consistent benchmark for the three-class classification
task considered in this study. The use of ImageNet-
pretrained models through transfer learning reduces the
dependence on training a deep network entirely from
scratch, while data augmentation was applied to the
training set to increase the wvariability of training
samples. The fixed 70:15:15 split was retained across all
three architectures to ensure a consistent and fair
comparison under identical experimental conditions.
Nevertheless, the relatively limited dataset size and the
use of a single hold-out split constitute limitations of this
study, and future work should employ repeated or k-fold
cross-validation on larger and more diverse banana
image datasets to further assess the statistical robustness
and generalizability of the results. The training set was
used to learn feature representations, the validation set
was used to monitor model performance during training
and reduce overfitting, while the testingset was reserved
exclusively for final model evaluation[12], [13].

2.3. Image Preprocessing and Data Augmentation

Prior to model training, all images were preprocessed
to match the input dimensions required by each CNN
architecture. Images for VGG16 and VGG19 were
resized to 224 x 224 pixels, whereas EfficientNetB5
required an input size of 456 x 456 pixels. Pixel values
were normalized according to the preprocessing
function corresponding to each pretrained model. To
improve model generalization and reduce overfitting,
data augmentation was applied to the training dataset.
The augmentation process included random rotation,
horizontal flipping, zooming, width shifting, height
shifting, shearing, and brightness variation. Validation
and testing datasets were not augmented to ensure an
unbiased evaluation of model performance.

2.4. Model Development

Three pretrained CNN architectures were
implemented using transfer learning: VGG16, VGG19,
and EfficientNetB5. The convolutional base of each
pretrained network, initialized with ImageNet weights,
three pretrained CNN architectures were implemented
using transfer learning: VGG16, VGGI19, and
EfficientNetB5. The convolutional base of each
pretrained network was initialized with ImageNet
weights, while the original classification layers were
removed and replaced with task-specific classification
layers. For VGG16 and VGGI19, the extracted feature
maps were connected to a Flatten layer followed by a
fully connected Dense layer with ReLU activation.
Dropout layers with rates of 0.5 and 0.3 were
incorporated to reduce overfitting, and the final output
layer consisted of three neurons with Softmax activation
corresponding to the three banana ripeness classes.
EfficientNetB5 employed a GlobalAveragePooling2D
layer instead of Flatten to reduce the number of
parameters in the classification head. A Dense layer with
512 units and ReLU activation, followed by a Dropout
layer with a rate of 0.5, was subsequently added before
the final three-neuron Softmax layer.

Fine-tuning was performed by freezing the initial
layers of each pretrained network while keeping the
remaining layers trainable. Specifically, 15 layers were
frozen and 4 layers were kept trainable in VGGI16,
whereas 18 layers were frozen and 4 layers were kept
trainable in VGG19. For EfficientNetB5, the first 400
layers were frozen, while the remaining layers were kept
trainable. Based on these configurations, VGG16
contained 2.36 million trainable parameters and 12.88
million non-trainable parameters, VGG19 contained
2.36 million trainable parameters and 17.93 million non-
trainable parameters, and EfficientNetB5 contained
12.76 million trainable parameters and 17.74 million
non-trainable parameters. Thus, the corresponding total
parameter counts were 15.24 million, 20.29 million, and
30.50 million for VGG16, VGG19, and EfficientNetB5,
respectively.

2.5. Model Training

All models were trained using the Adam optimizer
with the categorical cross-entropy loss function. A batch
size of 16 and 30 training epochs were used for all
experiments.The learning rate was treated as an
architecture-specific hyperparameter and was set to
0.00001 for VGG16 and VGGI19 and 0.0001 for
EfficientNetB5. The different learning rates were
selected to accommodate differences in the optimization
behavior and architectural characteristics of the
pretrained networks, particularly their feature-extraction
structures and fine-tuning configurations. Therefore,
although the core experimental conditions were kept
consistent across models, the learning rate was
intentionally adjusted as a model-specific training
hyperparameter. In addition, the ReduceLROnPlateau
callback was employed to automatically decrease the
learning rate when the validation performance stopped
improving, thereby improving training stability and
convergence. [14], [15]

2.6. Performance Evaluation

Model performance was evaluated using the
independent testing dataset that was not involved during
model training. A confusion matrix was first generated
to summarize the classification results for each ripeness
category. Subsequently, four evaluation metrics were
calculated, namely accuracy, precision, recall, and F1-
score. Accuracy was considered the primary
performance indicator because it measures the
proportion of correctly classified images among all
testing samples. Precision, recall, and Fl-score were
used to provide complementary information regarding
class-wise classification performance.

In addition to classification performance,
computational characteristics were evaluated using three
metrics: total model parameters, model disk size, and
average inference time per image. The total number of
parameters was reported in millions (M) to represent
model complexity, while model disk size was measured
in megabytes (MB) to characterize storage requirements.
Average inference time was measured in milliseconds
(ms) per image using repeated inference runs under the
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same computational environment. The same input image
resolution, preprocessing procedure, and inference
protocol were applied to all three architectures to ensure
a fair comparison.

The inference-time measurements were conducted
using an Intel Xeon CPU and an NVIDIA Tesla T4 GPU
with 15 GB of VRAM. The same hardware
configuration was used for VGG16, VGG19, and
EfficientNetB5. The measured average inference times
were 32.6 ms/image for VGG16, 39.8 ms/image for
VGG19, and 45.7 ms/image for EfficientNetB5. The
three CNN architectures were subsequently compared
based on accuracy, precision, recall, Fl-score, total
model parameters, model size, and inference time to
identify the most suitable model for automatic banana
ripeness classification.[16], [17].

3. RESULTS AND DISCUSSIONS

3.1. Experimental Dataset and Training Configura-
tion

The dataset used in this research is the Banana
Ripeness Classification Dataset, which was obtained
from Kaggle. The dataset consists of RGB images of
banana fruit categorized into three classes: unripe, ripe,
and overripe. A total of 1,080 images were used in the
experiment. The dataset was divided into training,
validation, and testing subsets to ensure fair evaluation
and to avoid data leakage. The distribution of the dataset
is shown in Table 2.

Table 2. Distribution of Dataset

Dataset Split Number of Percentage
Images
Train 756 70%
Validation 162 15%
Test 162 15%
Total 1080 100%

This partition ensures that the model is trained on
sufficient data while maintaining an unbiased evaluation
using unseen test data. To ensure reproducibility, all
experiments were conducted under identical
experimental settings. The training configuration used in
this research is summarized in Table 3.

Table 3. The training configuration

No Parameter Description
224x224 (VGGle6, VGG19),

456x456 (EfficientNetB5)

1 Image size

2 Number of classes 3 (unripe, ripe, overripe)
3 Batch size 16

4 Epochs 30

5 Learning rate 0.0001 and 0.00001

6 Optimizer Adam

7 Loss function Categorical cross-entropy
8 Callback ReduceLROnPlateau

In addition, all models were trained under the same
software environment to ensure fair comparison. The
experiments were implemented using Python with
TensorFlow.

The experiments were conducted using Google Colab
with GPU acceleration. The computational environment
used an NVIDIA Tesla T4 GPU with 15 GB of VRAM,
while the local computer used to access the environment
was equipped with an Intel Core i5 13th-generation
processor and 16 GB of RAM running Windows. The
CNN training and inference processes were executed in
the Google Colab cloud environment using the NVIDIA
Tesla T4 GPU, see Table 4 below.

Table 4. The hardware configuration

Component Specification
Execution environment Google Colab
GPU NVIDIA Tesla T4
GPU VRAM 15GB
Local CPU Intel Core 15 1§th

Generation
Local RAM 16 GB
Local Operating System Windows

All experiments were executed under identical
hardware and software environments to guarantee the
validity of the comparative analysis among VGG16,
VGG19, and EfficientNetBS. The image size was
adjusted according to model architecture requirements.
VGG16 and VGG19 used input dimensions of 224x224
pixels, while EfficientNetBS used 456456 pixels. The
batch size was set to 16 to balance computational
efficiency and learning stability. The models were
trained for 30 epochs to ensure convergence. The
learning rate was adjusted based on model complexity,
where VGG-based models used a smaller learning rate
(le-5) to maintain stable convergence, while
EfficientNetBS5 used a higher learning rate (le-4) to
accelerate learning due to its deeper architecture. The
Adam optimizer was selected because of its adaptive
learning capability, and categorical cross-entropy was
used as the loss function for multi-class classification
problems.

3.2 Training Performance

The training performance of the three CNN
architectures VGG16, VGG19, and EfficientNetB5 were
analyzed based on the learning behavior of training and
validation accuracy as well as training and validation
loss over 30 epochs. The learning curves of each model
are presented in Figure 1, Figure 2 and Figure 2
respectively.

3.2.1. VGG16 Training Performance

As shown in Figure 3.1, VGG16 demonstrates a
rapid and stable convergence behavior during training.
Both training and validation accuracy increase sharply
in the early epochs and reach near-optimal performance
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after approximately 10 epochs. The corresponding loss
curves decrease consistently and stabilize close to zero.

Aicurasi Loss

Figure 1. Training and Validation Accuracy and Loss Curves
of VGG16 Model for Banana Ripeness Classification

As shown in Figure 3.1, VGG16 demonstrated rapid
convergence during training. The training accuracy
reached 99.38%, with a corresponding training loss of
0.0218 at the end of the training process. The training
accuracy increased rapidly during the initial epochs and
subsequently stabilized close to 1.00. Similarly, the
validation accuracy rapidly increased and remained
close to 1.00 during the later epochs, while the validation
loss decreased substantially and stabilized at a low level.
The small difference between the training and validation
accuracy curves indicates that the model achieved
consistent performance on the validation data. These
results indicate that VGG16 converged effectively under
the applied training configuration.

The small gap between training and validation
accuracy indicates that VGGI16 achieves strong
generalization ability with minimal overfitting. This
suggests that the feature representations learned by
VGG16 are highly effective for distinguishing banana
ripeness categories under the given dataset
characteristics.

3.2.2. VGG19 Training Performance

The training behavior of VGGI19, illustrated in
Figure 2, shows a pattern similar to VGG16. The model
exhibits a slightly slower convergence in the early
training phase due to its deeper architecture. However,
as training progresses, both training and validation
accuracy steadily increase and eventually reach a level
comparable to VGG16.

Loss

Figure 2. Training and Validation Accuracy and Loss Curves
of VGG19 Model for Banana Ripeness Classification

The loss curves also show a consistent downward
trend, indicating stable optimization. Despite having a
higher number of layers, VGG19 does not significantly
outperform VGGI16, suggesting that additional depth
does not necessarily translate into improved
performance for this dataset.

As illustrated in Figure 2, VGG19 demonstrated
rapid convergence during the training process. At the
end of the 30 training epochs, the model achieved a
training accuracy of 99.38% with a training loss of
0.0288. The wvalidation accuracy increased rapidly
during the initial epochs and reached approximately 99,5
%, while the validation loss decreased substantially and
approached zero. The training and validation accuracy
curves remained close to each other during the later
epochs, indicating consistent performance on the
validation dataset. The results demonstrate that VGG19
achieved stable convergence under the applied training
configuration. Although VGGI19 has a deeper
architecture than VGGI16, its training behavior was
comparable to that of VGGI16, indicating that the
additional convolutional depth did not produce a
substantial difference in the observed training
performanc

3.2.3. EfficientNetB5 Training Performance

In contrast, Figure 3.3 shows that EfficientNetB5
follows a more gradual learning curve compared to
VGG-based models. The increase in both training and
validation accuracy is slower, and convergence is
achieved at later epochs. Although the model continues
to improve throughout training, the validation accuracy
remains lower than that of VGG16 and VGG19. The loss
curves also exhibit higher fluctuations, indicating less
stable convergence behavior.

Akurasi Loss
— Tramacc — Tain Lass

Figure 3. Training and Validation Accuracy and Loss Curves
of EfficientNetBS5 Model for Banana Ripeness Classification

Figure 3 presents the training and validation
performance of EfficientNetB5 over 30 epochs. The
model showed a gradual improvement in training
accuracy, increasing from approximately 46% in the
initial epoch to approximately 90% at the end of training.
Validation accuracy exhibited greater fluctuations
during the early training epochs but subsequently
improved and reached approximately 98% toward the
final epochs. The training loss decreased progressively
from approximately 1.0 to around 0.25, while the
validation loss decreased more substantially and
approached approximately 0.05. The relatively large
difference between the final training and validation
accuracy indicates that the validation performance was
higher than the training performance at the end of
training. This behavior may be associated with the use
of data augmentation during training, which introduces
greater variability into the training samples. Overall,
EfficientNetB5 exhibited slower and more fluctuating
convergence than VGG16 and VGG19 under the applied
training configuration.
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3.2.4. Comparative Analysis of Training Behavior
Based on Figures 1 — Figure 3, several key

observations can be made:

1. Convergence Speed
VGG16 converges the fastest, followed by VGG19,
while EfficientNetB5 requires more epochs to
stabilize.

2. Stability
VGG16 and VGG19 show smooth and stable
convergence patterns, whereas EfficientNetB5
exhibits  higher  variability in  wvalidation
performance.

3. Generalization Ability
VGG-based models demonstrate a smaller gap
between training and validation curves, indicating
better generalization compared to EfficientNetBS5.

3.2.5. Summary of Training Performance

In summary, the training curves presented in Figures
1- Figure 3 indicate that all models successfully learn
discriminative  features  for  banana  ripeness
classification. However, VGG16 and VGGI19
outperform EfficientNetB5 in terms of convergence
speed, stability, and generalization behavior. The
similarity between VGG16 and VGG19 further suggests
that increasing network depth does not necessarily
improve performance for this dataset.

3.3. Classification Performance

This section presents the classification performance
of VGG16, VGG19, and EfficientNetB5 based on the
test dataset. The evaluation results are presented using
confusion matrix analysis and visualization of
classification outcomes.

3.3.1. VGG16 Classification Performance

The classification performance was evaluated using
an independent testing dataset consisting of 162 images,
with 54 images for each banana ripeness category. As
presented in Figure 4, the model achieved an overall
accuracy of 99.38%, corresponding to 161 correctly
classified images out of 162 test images. Only one image
was incorrectly classified. The class-level results show
that the matang class achieved a precision of 1.00, recall
0f 0.98, and F1-score of 0.99. The mentah class obtained
a precision of 0.98, recall of 1.00, and F1-score of 0.99,
while the overripe class achieved a precision, recall, and
Fl-score of 1.00. The macro-average and weighted-
average precision, recall, and Fl-score were
approximately 0.99. These results quantitatively
demonstrate the high classification performance of the
model on the independent test dataset.

The confusion matrix in Figure 5 provides a detailed
representation of the classification results for the three
banana ripeness categories. Of the 54 matang images, 53
were correctly classified as matang, while 1 image was
incorrectly classified as mentah. All 54 mentah images
were correctly classified, and all 54 overripe images
were also correctly classified. Therefore, the model
produced 161 correct predictions and only 1 incorrect
prediction among the 162 test images. The resulting
accuracy was 99.38%. The only observed classification
error occurred between the matang and mentah

categories, while no misclassification occurred for the
overripe category. The confusion matrix therefore
confirms the high classification performance indicated
by the precision, recall, and F1-score results.
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Figure 4. Confusion Matrix of VGG16 Model for Banana
Ripeness Classification

precision recall fl-score  support
matang 1.8 @.98 8.99 54
mentah .98 1.aa B8.99 54
overripe 1.88 1.22 1.00 54
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Figure 5. Classification Results of VGG16 Model on Test
Dataset

3.3.2. VGG19 Classification Performance

Similar to VGGI16, the VGG19 model also
demonstrates excellent classification performance. The
confusion matrix shows that the model correctly
classifies nearly all test samples across the three classes.
The classification results and confusion matrix for
VGG19 are shown in Figure 6 and Figure 7. The Figures
6 and 7 present the confusion matrices of VGG16 and
VGG19, respectively. Both models produced an
identical classification pattern on the 162-image testing
dataset. For the matang class, 53 of 54 images were
correctly classified, while 1 image was incorrectly
classified as mentah. All 54 mentah images and all 54
overripe images were correctly classified. Consequently,
both VGG16 and VGG19 correctly classified 161 of 162
test images and produced only 1 misclassification,
resulting in an accuracy of 99.38%.

In contrast, EfficientNetB5 correctly classified 148
of 162 test images and misclassified 14 images, resulting
in an accuracy of 91.36%. Therefore, VGG16 and
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VGG19 produced 13 fewer classification errors than
EfficientNetBS on the same testing dataset. The
confusion matrix results confirm that VGG16 and
VGG19 provided substantially more accurate

classification than EfficientNetB5 under the evaluated
experimental conditions.
Confusion Matrix
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Figure 6. Confusion Matrix of VGG19 Model for Banana
Ripeness Classification

precision recall fl-score support
matang 1.00 0.98 .99 54
mentah ©.98 1.00 0.99 54
overripe 1.00 1.00 1.00 54
accuracy 0.99 162
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Figure 7. Classification Results of VGG19 Model on Test
Dataset

3.3.3. EfficientNetB5 Classification Performance

The  EfficientNetBS model shows lower
classification performance compared to VGG-based
models. The confusion matrix reveals a higher number
of misclassified samples across all classes, particularly
between unripe and ripe bananas. The classification
results and confusion matrix for EfficientNetB5 are
presented in Figure 3.8 and Figure 3.9.

Figure 3.8 presents the confusion matrix and
classification report of EfficientNetB5 on the
independent testing dataset consisting of 162 images.
The model correctly classified 148 images and
misclassified 14 images, resulting in an overall accuracy
0f 91.36%.

At the class level, the matang category achieved a
precision of 0.98, recall of 0.91, and F1-score of 0.94,
based on 54 test images. The mentah category achieved
a precision of 0.92, recall of 0.85, and F1-score of 0.88,
also based on 54 test images. The overripe category
achieved a precision of 0.85, recall 0f 0.98, and F1-score
of 091, with 54 test images. The macro-average
precision, recall, and F1-score were 0.92, 0.91, and 0.91,

respectively, while the corresponding weighted averages
were also 0.92,0.91, and 0.91.

The confusion matrix shows that 49 of 54 matang
images were correctly classified, while 3 images were
classified as mentah and 2 as overripe. For the mentah
category, 46 of 54 images were correctly classified,
while 1 image was classified as matang and 7 as
overripe. For the overripe category, 53 of 54 images
were correctly classified, while 1 image was classified
as mentah. Therefore, the largest classification error
occurred between the mentah and overripe categories,
with 7 mentah images incorrectly classified as overripe.

These results indicate that EfficientNetB5 achieved
lower classification performance than VGG16 and
VGG19 on the same testing dataset. While
EfficientNetBS5 correctly classified 148 of 162 images,
VGG16 and VGG19 each correctly classified 161 of 162
images. Thus, EfficientNetBS produced 13 more
classification errors than each VGG-based model.
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Figure 8. Confusion Matrix of EfficientNetB5 Model for
Banana Ripeness Classification

precision recall fl-score support
matang 0.98 0.91 0.94 54
mentah 0.92 0.85 0.88 54

overripe 0.85 0.98 0.91 54

accuracy 0.91 162
macro avg 0.91 0.91
weighted avg 0.91 2.91
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Figure 9. Classification Results of EfficientNetBS Model on
Test Dataset

The higher misclassification rate indicates that
EfficientNetB5 has more difficulty in distinguishing
subtle differences between classes under the same
experimental conditions. Although EfficientNetB5 is
designed for efficiency and scalability, its performance



Didin Adri et al. : Comparative Analysis of VGG16, VGG19, and EfficientNetB5 Architectures for Image-Based Banana...

in this research is lower compared to VGG16 and
VGG19. This may be attributed to dataset size
limitations and the sensitivity of EfficientNet
architecture to hyperparameter tuning and training
configuration.

3.3.4. Summary of Classification Performance
Based on the overall evaluation results, the following
conclusions can be drawn:

1. VGGI16 and VGGI19 achieve nearly perfect and
consistent classification performance.

2. Both VGG-based models show similar confusion
matrix patterns and error distributions.

3. EfficientNetB5 shows lower performance with
higher misclassification rates, especially in similar-
class discrimination.

4. The results confirm that VGG-based architectures
are more robust for banana ripeness classification
under the given dataset conditions.

3.4. Model Prediction Results

The prediction performance of the trained CNN
models—VGG16, VGGI19, and EfficientNetB5—was
evaluated using unseen test images. The results of model
predictions are presented in Figure 10 (a), (b), and (c).

Based on Figure 10(a), the VGG16 model is able to
correctly classify banana images according to their
ground truth labels. All displayed test samples are
predicted accurately, particularly for the ripe and
overripe (overripe) classes. These results indicate that
VGG16 has successfully learned discriminative visual
features such as color, texture, and shape variations that
characterize banana ripeness levels. The model
demonstrates strong generalization capability on unseen
data, consistent with its high classification accuracy
reported earlier.

As shown in Figure 10(b), the VGG19 model also
produces highly accurate prediction results. All test
images are correctly classified into their respective
categories, including unripe, ripe, and overripe
(overripe). This performance indicates that VGG19 is
capable of effectively learning visual patterns across
different ripeness levels. However, despite having a
deeper architecture than VGG16, the prediction
outcomes do not show a significant improvement,
suggesting that additional network depth does not
necessarily enhance classification performance for this
dataset.

In contrast, Figure 10(c) shows that EfficientNetB5
correctly classifies most of the test images, but one
misclassification is observed. Specifically, an image
with a true label of ripe is incorrectly predicted as unripe.
This misclassification suggests that EfficientNetBS
faces challenges in distinguishing between visually

similar classes. Although the model is designed for
efficient scaling and improved performance, its behavior
in this research indicates that it may require further
tuning or a larger dataset to achieve more stable
classification results in fine-grained visual tasks.
Nevertheless, most of the test images are still correctly
classified, indicating that the model retains a reasonable
level of discriminative capability.
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Figure 10. Results of Model Predictions: (a) VGG16, (b)
VGG19, and (¢) EfficientNetB5

3.5. Comparative Performance of CNN Models

The three CNN architectures were compared not
only in terms of classification performance but also in
terms of their computational characteristics. The
computational benchmarking considered the total
number of model parameters, trainable and non-
trainable parameters, model storage size, and average
inference latency per image. The inference
measurements were conducted using Google Colab with
an NVIDIA Tesla T4 GPU with 15 GB of VRAM under
the same testing environment for all three models.

Table 5  summarizes the computational
characteristics and classification performance of
VGG16, VGG19, and EfficientNetB5. VGGI16

contained 15.24 million total parameters, of which 2.36
million were trainable and 12.88 million were non-
trainable. Its model storage size was 58.2 MB, and the
measured average inference latency was 32.6 ms per
image. VGG19 contained 20.29 million total
parameters, including 2.36 million trainable parameters
and 17.93 million non-trainable parameters. Its storage
size was 77.4 MB, with an average inference latency of
39.8 ms per image.
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Table 5. Comparative Classification and Computational Performance of the CNN Models

Total Trainable Non-trainable M(.)del Infe.rence
Model Parameters (M) | Parameters (M) Parameters (M) Size Time Accuracy
(MB) (ms/image)
VGGI16 15.24 2.36 12.88 58.2 32.6 99.38%
VGG19 20.29 2.36 17.93 774 39.8 99.38%
EfficientNetB5 30.50 12.76 17.74 116.8 45.7 91.36%

EfficientNetB5 contained the largest total number of
parameters among the three models, with 30.50 million
parameters, consisting of 12.76 million trainable
parameters and 17.74 million non-trainable parameters.
Its model storage size was 116.8 MB, while the average
inference latency was 45.7 ms per image. Thus, under
the evaluated hardware configuration, EfficientNetB5
required the largest storage capacity and exhibited the
highest inference latency among the three architectures.

In terms of classification performance, VGG16 and
VGG19 both achieved an accuracy of 99.38%, whereas
EfficientNetB5 achieved 91.36%. Therefore, VGG16
provided the highest classification accuracy while also
requiring the smallest model storage size and the lowest
measured inference latency among the three models.
VGG19 achieved the same classification accuracy as
VGG16 but required more parameters, larger storage
capacity, and longer inference time. EfficientNetBS5,
despite its compound-scaled architecture, showed lower
classification accuracy and higher inference latency
under the experimental conditions used in this study.

3.6. Discussion

The experimental results demonstrate that VGG16
and VGG19 consistently outperformed EfficientNetB5
in banana ripeness classification, achieving an accuracy
of 99.38% compared to 91.36% for EfficientNetBS.
Several technical factors may explain these performance
differences.

First, the relatively small dataset size (1,080 images)
likely favored the VGG-based architectures. Although
transfer learning enables effective feature reuse from
ImageNet, deeper and more sophisticated models such
as EfficientNetB5 generally require larger and more
diverse datasets to fully exploit their representational
capacity. With a limited dataset, the simpler feature
extraction strategy of VGG16 and VGGI19 appears
sufficient to capture the dominant visual characteristics
of banana ripeness, such as color transition, texture
variation, and surface appearance, while reducing the
risk of unstable optimization.

Second, the transfer learning behavior of the models
also contributes to the observed results. VGG16 and
VGG19 have straightforward sequential convolutional
structures that adapt effectively during fine-tuning,
especially when pretrained ImageNet weights are
employed. Their learned low-level and mid-level visual
features, including edges, color gradients, and texture
patterns, closely correspond to the discriminative
characteristics  required for banana  ripeness
classification. In contrast, EfficientNetB5 employs
compound scaling that jointly increases network depth,
width, and input resolution. While this design generally

improves performance on large-scale datasets, it also
increases sensitivity to dataset size and fine-tuning

strategies.
Another important factor is model complexity.
EfficientNetB5 contains substantially more

sophisticated architectural components than VGG16 and
VGG19, making it more dependent on carefully
optimized hyperparameters. Although all three models
were trained under identical experimental settings to
ensure a fair comparison, the same training
configuration may not represent the optimal setting for
EfficientNetB5. Consequently, the model exhibited
slower convergence and greater fluctuations during
training, indicating that additional hyperparameter
tuning, such as learning rate scheduling, batch size
adjustment, or longer training, may be required to fully
realize its potential.

Furthermore, optimization characteristics may also
explain the observed performance gap. VGG16 and
VGG19 demonstrated faster and more stable
convergence, suggesting that their optimization
landscape is more suitable for the current dataset.
EfficientNetBS5, despite using a higher learning rate to
accelerate training, showed less stable validation
performance, indicating that its optimization process
may require more careful parameter adjustment. This
behavior is consistent with previous studies reporting
that EfficientNet architectures generally benefit from
larger datasets and more extensive hyperparameter
optimization than conventional VGG-based networks.

Overall, these findings suggest that higher
architectural complexity does not necessarily lead to
superior classification performance. For relatively small
image datasets with limited visual variability, simpler
transfer learning architectures such as VGG16 and
VGG19 may provide better generalization, more stable
optimization, and higher classification accuracy.
Therefore, VGG16 and VGG19 represent practical and
reliable solutions for automated banana ripeness
classification in smart agriculture applications,
particularly for post-harvest quality assessment, fruit
grading, and decision support systems.

4. CONCLUSION

This study compared the performance of VGGI6,
VGG19, and EfficientNetBS for banana ripeness
classification using a transfer learning approach. The
results show that VGG16 and VGGI19 achieved the
highest classification performance, both reaching an
accuracy of 99.38%, while EfficientNetB5 achieved
91.36%. These findings indicate that VGG-based
architectures are more suitable for the dataset used in
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this study. Since VGG16 achieved the same
performance as VGG19 with a simpler architecture, it
can be considered the more practical model for banana
ripeness classification.

This study contributes to the application of deep
learning in agricultural image classification by
providing a comparative evaluation of three widely used
CNN architectures under identical experimental
settings. The findings may serve as a reference for
selecting appropriate deep learning models for
automated fruit ripeness classification. Several
limitations should be acknowledged. The experiments
were conducted using a single public dataset with only
three ripeness categories, and only three CNN
architectures were evaluated without extensive
hyperparameter optimization. These methodological
limitations may have influenced the model performance,
particularly for EfficientNetB5, which is sensitive to
dataset characteristics and training configuration.

Future research should evaluate the proposed
approach using larger and more diverse datasets,
investigate additional state-of-the-art architectures, and
apply more comprehensive hyperparameter
optimization to improve model robustness and
generalization for real-world agricultural applications.
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