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Abstract 
Manual visual inspection to assess banana ripeness is subjective and unable to meet the scale of 

industrial needs, while previous studies have used heavy CNN architectures and have not systematically 

explored the depth of fine-tuning. This study proposes a two-phase transfer learning framework using 

EfficientNetB0 on a pre-augmented dataset of 13.478 images across four ripeness classes: unripe, ripe, 

overripe, and rotten. Class imbalance is addressed through class weighting during training. In Phase 1 

(Feature Extraction), all base layers are frozen, and the classification head is trained until it achieves a 

best validation accuracy of 98.58%. In Phase 2 (Fine-Tuning), the optimal unfrozen layer depth was 

determined through systematic ablation across five configurations (5, 10, 15, 20, and 25 layers), with 

the 25-layer configuration yielding the highest validation accuracy of 98.75%. Evaluation on 562 test 

images yielded an accuracy of 99.46% and a test loss of 0.0538, with an F1-score of 1.00 for the overripe 

and ripe classes, and 0.99 for the rotten and unripe classes. The ROC curve confirmed high 

discriminative capability with an AUC of 1.000 for the overripe and ripe classes, and 0.999 and 0.998 

for the unripe and rotten classes. These results demonstrate that the combination of a two-phase strategy, 

depth ablation, and fine-tuning with class weights yields a robust classification system with potential 

for application in automated banana sorting using edge devices. 
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INTRODUCTION  

Bananas (Musa spp.) represent an important horticultural commodity with high economic 

value and are widely consumed both in Indonesia and globally. Indonesia is among the largest 

banana producers in Southeast Asia, with production exceeding 9.33 million tons in 2023 

(Voronoi, 2025). This large production volume requires efficient postharvest management, 

particularly in determining fruit ripeness because it directly affects quality, shelf life, and 

market value (Shezi et al., 2023). In practice, ripeness assessment still relies on manual visual 

inspection, which is subjective and difficult to maintain consistently in large-scale sorting 

environments (Rizzo et al., 2023). In addition, banana ripeness datasets often exhibit class 

imbalance, causing deep learning models to become biased toward dominant classes. Xu et al. 

(2022) explained that adaptive class-balanced weighting can help maintain balanced learning 

performance across minority and majority classes. Therefore, handling class imbalance 

becomes an important aspect in developing robust banana ripeness classification systems. 
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Advances in the field of artificial intelligence, particularly Convolutional Neural 

Networks (CNNs), have opened up significant opportunities for developing reliable visual 

classification systems (Philip, 2025). CNNs have proven capable of hierarchically extracting 

visual features from digital images and have been widely applied to fruit ripeness classification 

(Yang, 2023). Various CNN architectures, such as VGG16, MobileNet, and ResNet, have been 

applied to fruit ripeness classification with accuracy ranging from 90% to 96% (Mathew et al., 

2023). However, these architectures have a fundamental weakness in terms of computational 

efficiency: VGG16 has 138 million parameters, while ResNet50 has 25 million parameters, 

making both impractical to implement on edge devices commonly used in small- to medium-

scale sorting facilities. Although these studies report adequate accuracy, none have explored 

the depth of fine-tuning as a controlled experimental variable. Consequently, it remains unclear 

whether the reported results reflect optimal domain adaptation (Lee & Lee, 2023). The 

inconsistency in results across studies points to an unresolved issue: to what depth must the 

layers be pre-trained so that knowledge transfer from ImageNet can be optimally adapted to 

the domain of banana ripeness? This question becomes increasingly critical given the visual 

nature of banana ripeness a gradual color transition from green to yellow to speckled brown 

which requires domain-specific high-level feature representations. 

EfficientNet uses a compound scaling strategy that simultaneously balances the 

network's depth, width, and image resolution (Lin et al., 2023). As the base model of the 

EfficientNet family, EfficientNetB0 achieves competitive classification accuracy with just 5.3 

million parameters a 26-fold reduction compared to VGG16. This compound scaling strategy 

enables EfficientNetB0 to generate efficient feature representations: the early layers capture 

edges and surface textures, the middle layers extract color patterns and spatial distributions, 

while the final layers produce high-level semantic representations that reflect ripeness. This 

parameter efficiency makes it particularly well-suited for banana sorting systems operating 

under computational resource constraints, including the need for fast inference on edge devices 

such as the Raspberry Pi or NVIDIA Jetson Nano (Maylianti et al., 2025; Sugianti et al., 2022).  

Transfer learning further enhances this advantage by leveraging weights trained on 

ImageNet. This allows the network to be initialized with general visual features such as edges, 

textures, and color gradients that can be directly reused for fruit surface analysis (Baker & 

Zengeler, 2022). Nastitie & Handayani (2025) demonstrates the superiority of EfficientNetB0 

over MobileNetV2 for banana variety classification, achieving 80% accuracy on a dataset of 

2.248 images, though without a systematic two-phase strategy. Similarly, Manik et al. (2025) 

reported that EfficientNetB0 outperformed VGG16 and ResNet50 for the classification of 

horticultural commodities. Unlike previous studies, this study systematically evaluates the 

effect of fine-tuning depth on EfficientNetB0 using two-phase transfer learning for the 

classification of four levels of banana ripeness, while taking computational efficiency into 

account for edge deployment. 

This study highlights three important gaps in previous research. First, many existing 

studies classify banana ripeness into only two or three categories, making it difficult to capture 

the gradual visual transitions that occur between ripeness stages. Second, prior research has 

largely depended on heavy CNN architectures, which often require substantial computational 

resources and are less suitable for deployment on low-resource devices. Third, limited attention 

has been given to the systematic evaluation of two-phase transfer learning strategies with 

different fine-tuning depths for four-class banana ripeness classification. 

This study aims to develop and evaluate a four-class banana ripeness classification 

system using EfficientNet with a two-phase transfer learning strategy on a large-scale dataset. 

The study investigates the effect of fine-tuning depth on model adaptation and generalization 

performance while identifying the optimal balance between preserving pretrained 

representations and adapting domain-specific semantic features. The contributions of this study 



Anhar, Farid Wajidi, Chairi Nur Insani  

302 

include the development of a structured two-phase transfer learning framework, systematic 

ablation experiments on multiple fine-tuning depths (5, 10, 15, 20, and 25 layers), and empirical 

evidence showing that lightweight CNN architectures can achieve highly competitive 

performance for agricultural image classification when transfer learning optimization is 

conducted systematically. The framework was evaluated on a dataset of 13.478 banana images 

representing unripe, ripe, overripe, and rotten classes, making it relevant for real-time 

postharvest sorting and edge-based smart agriculture applications. 

 

METHOD  

This study employs a quantitative experimental design using a two-phase transfer 

learning approach on a large-scale dataset of banana ripeness images. All experiments were 

conducted using Google Colaboratory, accelerated by an NVIDIA Tesla T4 GPU, using the 

TensorFlow 2.20 and Keras frameworks, and Python 3.12. The overall research workflow is 

shown in Figure 1. 

 

 
Figure 1. Banana Ripeness Classification Flowchart 

 

 As shown in Figure 1, this stage is designed to produce an optimal banana ripeness 

classification model using the EfficientNetB0 architecture. The dataset used was obtained from 

the Kaggle platform and consists of 13.478 banana images that have undergone a pre-

augmentation process including horizontal/vertical flipping, 90° rotation (clockwise, 

counterclockwise, and inverted), cropping with a zoom range of 0% to 20%, rotation between 

-15° and +15°, as well as variations in hue, saturation, brightness, and exposure between -10% 

and +10%, and blurring up to 1px. It should be noted that this dataset pre-augmentation was 

performed by the dataset provider prior to subset division; consequently, the augmentation 

variations are evenly distributed across the training, validation, and test partitions. This 

condition is acknowledged as a methodological limitation, as ideal augmentation should only 

be applied to the training data after the data splitting process to prevent potential information 

leakage. 

The distribution in Table 1 shows a moderate class imbalance, particularly in the unripe 

class, which has relatively fewer samples compared to the rotten and ripe classes. To address 

this bias, class weights were applied using the formula: 𝑤𝑖 = 𝑛𝑡𝑜𝑡𝑎𝑙 / (𝑛𝑐𝑙𝑎𝑠𝑠  ×  𝑛𝑖), resulting 

in weights: unripe (1.55), overripe (1.25), ripe (0.84), and rotten (0.73). All images were resized 
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to 224×224 pixels to match the standard input dimensions of EfficientNetB0, then normalized 

using the `preprocess_input` function from `tf.keras.applications.efficientnet`. Mixed-

precision training (`mixed_float16`) was enabled to optimize GPU memory efficiency, with a 

batch size of 32 (Das et al., 2022). 

 

Table 1. Dataset distribution 

Subset Overripe Ripe Rotten Unripe 

Train 2.349 3.522 4.020 1.902 

Validation 229 339 388 167 

Test 113 154 185 110 

Total 2.691 4.015 4.593 2.179 

 

  

The classification model was built using EfficientNetB0 as the base model with 

ImageNet weights (include_top=False), to which a custom classification head was added 

consisting of a GlobalAveragePooling2D layer, BatchNormalization, a Dense layer (256, 

ReLU), Dropout (0.5), and a Dense layer (4, softmax). Training was conducted in two 

sequential phases using the Adam optimizer with identical callback configurations: 

EarlyStopping (patience=5, monitor=val_accuracy), ReduceLROnPlateau (factor=0.3, 

patience=3, monitor=val_loss), and ModelCheckpoint. Phase 1 (Feature Extraction) was 

performed by freezing all base layers of EfficientNetB0 and training only the classification 

head for a maximum of 20 epochs with an initial learning rate of 1e-3. Phase 2 (Fine-Tuning) 

involved unfreezing the top layers of the base model and training them together with the 

classification head for a maximum of 20 epochs with a learning rate of 1e-4 (Arastu et al., 

2024).  

 

RESULTS AND DISCUSSION  

Results  

 The experimental results are presented in the form of a training history by epoch. 

Visualization is performed using accuracy and loss curves on the validation data. The 

evaluation also includes a confusion matrix to assess the model’s classification capabilities. 

Additionally, a classification report is used to evaluate performance metrics in detail. The ROC 

curve is displayed to provide a comprehensive overview of the model’s performance across 

each maturity category. Table 2 shows the training history for Phase 1, illustrating the 

progression of accuracy and loss during the feature extraction process. 

 

Table 2. Phase 1 Training history (feature extraction) 

Epoch Accuracy Loss Val Acc Val Loss LR 

1 0.9119 0.2759 0.9564 0.1416 1e-3 

2 0.9592 0.1244 0.9786 0.1026 1e-3 

3 0.9675 0.0951 0.9858 0.0923 1e-3 

7 0.9827 0.0468 0.9840 0.0875 3e-4 

14 0.9913 0.0237 0.9840 0.0817 9e-5 

 

The results in Table 2 show that the model experienced a very rapid improvement in 

performance during the early epochs (1–3), with validation accuracy peaking at 98.58% in the 

third epoch. After that, although training accuracy continued to rise to over 99%, validation 

accuracy tended to stagnate and even declined slightly, indicating mild overfitting that justifies 

the need for Phase 2. Table 3 presents a comparison of validation accuracy for each 
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configuration of the number of layers unfrozen in Phase 2, which was used to determine the 

optimal depth of fine-tuning. 

 

Table 3. Comparison of val accuracy across different numbers of fine-tuning layers 

Number of Unfreeze 

Layers 
Val Accuracy (%) Val Loss Description 

5 98.75 0.0705 High Performance 

10 98.75 0.0801 High Performance 

15 98.39 0.0721 Decline in Performance 

20 98.66 0.0746 
Consistent 

Performance 

25 98.75 0.0567 Best Performance 

 

According to Table 3, the 5, 10, and 25-layer configurations each achieved a validation 

accuracy of 98.75%. The 15-layer configuration yields the lowest performance (98.39%), while 

the 20-layer configuration falls in the middle (98.66%). Although the accuracy of some 

configurations is the same, the 25-layer configuration has the lowest validation loss of 0.0567, 

indicating better model stability and generalization ability. The lower validation loss in the 25-

layer configuration indicates that the model has a more stable level of prediction confidence 

compared to the other configurations. These results suggest that increasing the number of fine-

tuning layers does not always improve performance linearly; however, the 25-layer 

configuration provides the best balance between feature adaptation and preservation of the 

pretrained representation. 

 

Table 4. Phase 2 training history (fine-tuning) 

Epoch Accuracy Loss Val Acc Val Loss LR 

1 0.9899 0.0302 0.9840 0.0760 1e-4 

2 0.9938 0.0207 0.9849 0.0722 1e-4 

3 0.9947 0.0185 0.9858 0.0998 1e-4 

4 0.9959 0.0132 0.9866 0.0688 3e-5 

5 0.9952 0.0158 0.9875 0.0714 3e-5 

 

 
Figure 2. Accuracy and loss validations plot 

 

The results in Table 4 show that the model in the fine-tuning phase demonstrated high 

performance from the start (accuracy >98%). Performance improved gradually, peaking at the 

5th epoch with a validation accuracy of 98.75%. Reducing the learning rate from 1e-4 to 3e-5 
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proved to help improve validation performance, although fluctuations in the validation loss 

indicate the potential for mild overfitting. 

Figure 2 shows a graph of the accuracy curve and training versus validation loss during 

Phase 2. The graph indicates that training accuracy consistently increased from approximately 

99.0% to nearly 99.6%, while validation accuracy tended to plateau in the range of 98.5%–

98.7%. On the other hand, training loss continues to decrease, but validation loss actually 

increases a pattern indicating the onset of overfitting. This confirms that the early stopping and 

ReduceLROnPlateau mechanisms play a crucial role in preventing further degradation. 

 

 
Figure 3. ROC-AUC plot and confusion matrix of test results 

 

Figure 3 shows the ROC-AUC curve and confusion matrix from the evaluation results 

on the test data. The ROC curve indicates that all classes exhibit very high classification 

performance, with AUC values approaching 1.0. The overripe and ripe classes achieve a perfect 

AUC (1.000), while the unripe (0.999) and rotten (0.998) classes are also nearly perfect. A 

curve approaching the top-left corner indicates the model’s excellent ability to distinguish 

between each class. Final evaluation on 562 test images yielded an accuracy of 99.46% and a 

test loss of 0.0538. The confusion matrix shows that the model is capable of classifying the 

majority of the data with high accuracy. The overripe (113) and ripe (154) classes were 

predicted perfectly with no errors. In the rotten class, there were 2 minor errors (1 data point 

misclassified as ripe and 1 as unripe), while the unripe class had only 1 error classified as rotten. 

 

Table 5. Classification report on test data 

Class Precision Recall F1-Score Support 

overripe 1.00 1.00 1.00 113 

ripe 0.99 1.00 1.00 154 

rotten 0.99 0.99 0.99 185 

unripe 0.99 0.99 0.99 110 

accuracy   0.99 562 

macro avg 0.99 1.00 0.99 562 

weighted avg 0.99 0.99 0.99 562 

 

The results in Table 5 show excellent model performance across all classes. The 

overripe class achieved a perfect score (precision, recall, and F1-score = 1.00), while the ripe, 

rotten, and unripe classes also achieved very high scores (0.99). The overall accuracy of 0.99 

indicates that nearly all data points were classified correctly. The average macro and weighted 
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scores in the 0.99 range indicate that the model’s performance is consistent and balanced across 

all classes. 

 

Discussion  

The findings demonstrate that the proposed two-phase transfer learning framework 

effectively improves convergence stability and classification performance in four-class banana 

ripeness recognition. The model achieved a test accuracy of 99.46% with consistently high 

precision, recall, and F1-score values across all ripeness categories, indicating strong 

generalization capability despite moderate class imbalance. The experimental results also 

reveal that the depth of fine-tuning significantly influences model adaptation performance. 

Among the evaluated configurations, unfreezing the top 25 layers produced the most stable 

validation performance and the lowest validation loss, suggesting that selective adaptation of 

deeper semantic layers plays an important role in distinguishing visually adjacent ripeness 

stages. In addition, the extremely low number of misclassifications indicates that the model 

successfully learned the ordinal visual progression of banana maturation rather than relying 

solely on superficial color differences.  

The results reinforce the feature transferability theory in deep transfer learning, which 

explains that lower CNN layers primarily learn generic visual features, whereas deeper layers 

capture increasingly domain-specific semantic representations (Parrillo et al., 2026). In the 

feature extraction phase, freezing the pretrained backbone enabled the model to retain 

generalized knowledge acquired from ImageNet, including fundamental visual characteristics 

such as edges, textures, and color gradients that remain highly relevant for agricultural image 

analysis (Baker & Zengeler, 2022). The fine-tuning phase subsequently allowed deeper layers 

to adapt more effectively to ripeness-related visual characteristics, including gradual skin color 

transformation and necrotic spotting patterns associated with banana maturation (Shezi et al., 

2023). The strong performance achieved by the 25-layer configuration suggests that optimal 

transfer learning performance is obtained when generalized pretrained representations are 

preserved while higher-level semantic features are selectively adapted to the target domain. 

The proposed framework demonstrates superior classification performance while 

maintaining computational efficiency. Hanifah & Hermawan (2023) reported 88% accuracy 

using a conventional CNN architecture, while Mathew et al. (2023) achieved 90–96% accuracy 

using heavier hybrid architectures such as ResNet50 and VGG16. In addition, Nastitie & 

Handayani (2025) obtained 80% accuracy using EfficientNetB0 without implementing a 

structured two-phase transfer learning strategy. The higher performance achieved in this study 

indicates that optimization of transfer learning strategy contributes substantially to 

classification effectiveness beyond architectural selection alone. The findings further suggest 

that systematic optimization of fine-tuning depth and adaptive representation learning plays a 

more important role than merely increasing model complexity or parameter size. 

Several findings also reveal important characteristics of the model behavior that require 

scientific interpretation. The non-linear ablation pattern shows that increasing the number of 

unfrozen layers does not consistently improve classification accuracy. The 15-layer 

configuration produced lower performance compared with the 5-, 10-, and 25-layer 

configurations, indicating that partial adaptation of intermediate representations may disrupt 

previously stable pretrained features. This phenomenon is closely related to catastrophic 

interference during transfer learning adaptation, where excessive modification of mid-level 

representations can temporarily reduce representation stability (Sehra et al., 2024). 

Performance recovery in the 25-layer configuration suggests that deeper semantic adaptation 

allows the network to reconstruct more discriminative ripeness-specific representations, 

thereby restoring classification stability.  
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This study demonstrates that fine-tuning depth is a decisive factor in determining the 

effectiveness of transfer learning for agricultural image classification. While previous studies 

on fruit ripeness recognition primarily emphasized architecture comparison, the present study 

systematically investigates how the depth of layer adaptation influences semantic feature 

learning and model generalization. The findings provide empirical evidence that lightweight 

CNN architectures such as EfficientNet are capable of achieving highly competitive 

performance when adaptive representation learning is optimized in a structured manner. More 

importantly, the results reveal that optimal transfer learning performance emerges when deeper 

semantic layers are selectively refined while lower-level generalized visual representations 

remain preserved. This observation strengthens current understanding of adaptive 

representation learning by explaining how the interaction between pretrained knowledge 

retention and domain-specific adaptation affects classification stability and discriminative 

capability. The study therefore contributes to the development of efficient and resource-aware 

deep learning strategies for precision agriculture and agricultural computer vision applications. 

The findings indicate strong potential for implementation in real-time agricultural 

automation systems, particularly in postharvest banana sorting environments that require rapid, 

scalable, and cost-efficient operation. The lightweight architecture of EfficientNet, which 

contains substantially fewer parameters than VGG16 and ResNet50, enables deployment on 

low-resource edge devices with lower memory consumption and reduced inference latency 

(Lin et al., 2023). The consistently balanced classification performance across all ripeness 

categories also indicates the capability of the proposed framework to reduce subjectivity and 

inconsistency commonly associated with manual visual inspection. In a broader agricultural 

context, the proposed system may support improvements in postharvest quality control, reduce 

economic losses caused by inaccurate ripeness assessment, and strengthen the adoption of 

smart agriculture technologies in environments with limited computational infrastructure. 

Several methodological constraints should be acknowledged to ensure a balanced 

interpretation of the findings. The dataset originated from a pre-augmented source prior to 

subset partitioning, which introduces the possibility of information leakage and may partially 

affect performance estimation. In addition, the dataset was collected under relatively controlled 

visual conditions and therefore may not fully represent real agricultural environments 

characterized by illumination variability, occlusion, heterogeneous backgrounds, and cultivar 

diversity, as also highlighted by Lee & Lee (2023). The absence of k-fold cross-validation 

further limits the statistical robustness and external generalizability of the proposed framework. 

Future studies should therefore incorporate real-field datasets, explainability analysis using 

Grad-CAM, cross-domain validation, and more rigorous validation protocols to strengthen the 

interpretability, robustness, and external validity of the model, particularly for real-world 

agricultural deployment scenarios (Lee & Lee, 2023). 

 

CONCLUSION  

This study demonstrates that a two-phase transfer learning strategy using EfficientNet is 

highly effective for four-class banana ripeness classification while remaining computationally 

efficient for edge-based agricultural applications. Systematic evaluation of fine-tuning depth 

shows that unfreezing the top 25 layers provides the best balance between preserving pretrained 

representations and adapting domain-specific semantic features, resulting in 99.46% test 

accuracy with consistently high precision, recall, and F1-score across all ripeness classes. The 

findings confirm that gradual fine-tuning, combined with class-weighting mechanisms, enables 

the model to capture subtle visual transitions between ripeness stages and improves 

generalization performance under class imbalance conditions. Beyond achieving high 

classification accuracy, this study also highlights the importance of fine-tuning depth 

optimization as a critical factor in transfer learning effectiveness for agricultural image 



Anhar, Farid Wajidi, Chairi Nur Insani  

308 

classification. Furthermore, the lightweight architecture of EfficientNetB0 strengthens the 

feasibility of real-time deployment on low-resource edge devices for automated postharvest 

sorting systems. Nevertheless, limitations related to pre-augmented data and controlled 

imaging conditions remain, indicating the need for future studies involving real-world datasets, 

diverse environmental conditions, explainability analysis, and cross-validation strategies to 

further enhance the robustness and generalizability of the proposed framework 
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