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 Waste classification is one of the interesting topics for classifications in 

which data can be very varied and complex. This data diversity is a 

challenge to develop a model that is able to classify well. The purpose of this 

study is to analyze the performance of the pre-trained deep learning model 

using a data augmentation approach. There are three pre-training models 

used in this study, namely residual networks 50 (ResNet50), visual 

geometric group with 16 layers (VGG-16), and MobileNetV2. The results 

showed that the MobileNetV2 model received the highest accuracy value, 

reaching 84.45% for data without augmentation. With data augmentation 

there is a decrease of 2.73%. Conversely, VGG-16 shows performance 

stability with an increase in accuracy with augmentation data, reaching 

75.84%. While ResNet50 gets the lowest results compared to both models. 

The application of data augmentation techniques with the aim of increasing 

data variations does not always have an impact on increasing the 

generalization of the model. 
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1. INTRODUCTION  

Waste management has become an increasingly pressing global issue, with significant impacts on 

the environment, human health, and the economy. According to a World Bank report, global waste 

production reaches more than 2 billion tons per year [1] and continues to increase along with urbanization 

and improved living standards. This accumulation of waste causes various environmental problems, 

including water, soil, and air pollution [2]. In addition, the cost of waste management, which includes 

collection, transportation, and final disposal, is a heavy burden for many countries, especially developing 

countries with inadequate waste management infrastructure. 

One of the main solutions proposed to reduce the negative impact of waste is effective segregation. 

This sorting separates waste into categories of organic, inorganic, and recyclable materials [3], thereby reducing 

the amount of waste entering landfills and increasing the efficiency of the recycling process. However, manual 

sorting requires high awareness from the community and requires significant labor and time. 

To overcome this obstacle, technology plays an important role in developing a more efficient waste 

management system. One promising solution is the development of smart waste bins equipped with an 

automatic sorting system based on microcontroller technology [4]. This smart trash can uses sensors such as 

proximity and infrared to automatically detect the type of waste [5]. While effective in basic sorting, these 

https://creativecommons.org/licenses/by-sa/4.0/
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systems have limitations when dealing with more complex types of waste, which often leads to errors in 

classification. 

To improve sorting accuracy, the use of digital images as additional input is proposed. Computer 

vision and deep learning technologies offer solutions to improve the accuracy of waste type classification [6]. 

Computer vision allows the system to process litter images visually, while deep learning is used to perform 

litter detection and classification with a high degree of accuracy [7]. This approach is expected to overcome 

sensor limitations and produce a more effective and efficient litter classification system [8]. However, the 

main problem in image-based litter classification is the diversity of litter shapes, colors, and conditions that 

often differ from one image to another. These variations can make it difficult for deep learning models to 

generalize the data, especially when faced with new data or environmental conditions that are different from 

the training data. 

As one of the widely used approaches, transfer learning using pre-trained deep learning models 

provides significant advantages in accuracy and training time efficiency. Pre-trained models such as 

convolutional neural network (CNN) [9], visual geometric group with 16 layers (VGG-16) [10], residual 

networks 50 (ResNet50) [11], and MobileNetV2 [12] are able to utilize rich and advanced visual 

representation features. The resulting accuracy performance of these models reaches 81 to 95% [13]. 

However, challenges in model generalization remain, especially when the model is used for classification of 

out-of-distribution data, i.e. data that has a different distribution than the data trained on [14]. 

One approach that can improve the generalization ability of the model is to perform data 

augmentation. Data augmentation aims to expand the distribution of training data through synthetic variations 

such as rotation, flipping, zooming, and other transformations, so that the model becomes more adaptive to 

different image variations [9]. Although data augmentation has proven to be effective in some cases, the 

effect of data augmentation on generalization ability for various deep learning model architectures is still not 

fully understood [15].  

This research focuses on developing a waste classification model with a pre-trained deep learning 

approach and incorporating data augmentation techniques to improve generalization capabilities [16]. The 

main objective is to evaluate and understand the effect of augmentation techniques on various deep learning 

architectures, namely ResNet50, VGG-16, and MobileNetV2, in the face of new data that has never been 

seen by the model. This approach is expected to contribute to the verification of model generalization by 

using an external dataset that is completely different from the training data as a validity test. 

 

 

2. METHOD 

This research proposes the construction of a waste classification model using three architectures, 

namely ResNet50, VGG-16, and MobileNetV2. The research stage consists of several steps, starting with 

data collection (dataset), then dividing the data into three parts: training data, validation data, and testing 

data [17], [18]. The training data will go through an augmentation process to enrich the data variation. 

After that, the augmented data will be used to train the deep learning model, while the validation data will 

be directly used in the training process. Once the training is complete, the model will be evaluated to 

determine the best performance. Figure 1 provides a general illustration of the research stages in building a 

waste classification model. 

 

 

 
 

Figure 1. Research stages 
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2.1.  Dataset 

The dataset used in the research is an open dataset from the Kaggle website. RealWaste dataset is a 

collection of waste classification data grouped into 9 types where the data is collected from landfills [19]. 

Figure 2 shows a dataset sample, providing a visual representation of the various types of waste included. 

Each image has a resolution of 224×224 in order to distinguish object features more clearly and get better 

classification accuracy [20]. The data is divided into 3 parts, 80% for training data, 10% for validation data, 

and 10% as testing data [21]. The class labels and number of datasets are shown in Table 1. 

 

 

 
 

Figure 2. Example dataset 

 

 
Table 1. Labels and number of datasets 

Label Total data 

Cardboard 461 
Food organics 411 

Glass 420 

Metal 790 
Miscellaneous trash 495 

Paper 500 

Plastic 921 
Textile trash 318 

Vegetation 436 

 

 
2.2.  Augmentation data 

Augmentation methods are applied to the training dataset with the aim of getting better performance. 

The augmentation methods applied are flip, rotation, and zoom [22]. Table 2 shows the details of the 

parameters used. The determination of augmentation techniques is done randomly. Each augmentation results 

in different data variations for each sample, allowing the model to see features in various contexts [23]. 

 

 

Table 2. Augmentation parameters 
Parameters Value 

Rescale 1./255 

Rotation_range 30 

Shear_range 0.1 
Zoom_range 0.2 

Horizontal_flip True 

Vertical_flip True 
Width_shift_range 0.2 

Height_shift_range 0.2 

 

 

In the code, the `ImageDataGenerator` object is used for image augmentation with various 

transformations. The parameter `rescale=1./255.` is used to normalize the image pixel values by dividing 

them by 255, so that they are in the range [0, 1]. `rotation_range=30` allows rotation of the image up to 30 

degrees randomly. `shear_range=0.1` gives the image a shear effect of 10%. `zoom_range=0.2` allows 

zooming in and out of the image within a 20% range. `horizontal_flip=True` and `vertical_flip=True` enable 

horizontal and vertical flipping of the image. `width_shift_range=0.2` and `height_shift_range=0.2` enable 

horizontal and vertical shifting of the image up to 20% of the image width or height respectively. All these 

parameters are designed to enrich the variety of training data by randomly modifying the images, thus 

improving the generalization of the model. Figure 3 shows the result of the augmentation process applied to 

the dataset sample shown previously in Figure 2.  
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Figure 3. Data augmentation result 

 

 

2.3.  MobileNetV2  
MobileNetV2 is a model proposed by Google in 2017 [24]. This architecture was released in early 

2018 as a development of the previous model, MobileNetV1, which was proposed in 2015 [12], [25]. The 

development of this model is seen in the emergence of linear bottlenecks between layers and fast connections 

between bottlenecks [25]. Bottlenecks in MobileNetV2 help to package the model from low-level concepts to 

high-level descriptors so that the model can be trained faster and produce high accuracy even though the 

model uses fewer parameters [26]. Figure 4 illustrates the overall architecture of MobileNetV2, highlighting 

the use of inverted residual blocks with linear bottlenecks that contribute to its efficiency and performance in 

image classification tasks. 
 

 

 
 

Figure 4. MobileNetV2 Architecture 

 

 

2.4.  Visual geometric group with 16 layers 
VGG-16 is one of the CNN architectures that has 16 layers in the form of 13 convolutional layers 

and 3 fully-connected layers [27], [28]. The advantage of this architecture is that it has an architecture 

consisting of 3×3 convolutional layers and 2×2 pooling [29], [30]. which is considered more accurate when 

compared to previous CNN architectures. The accuracy of this model is taken from the state-of-the-art CNN 

architecture, namely the benchmark for the accuracy of this image is taken from the three models [31]. 

VGG-16 also has good generalization capabilities and is often used as a model base for various 

image recognition tasks. In addition, this architecture is known to be easier to optimize due to its simple yet 

effective design, although it requires considerable computational resources [10]. Figure 5 shows the 

architectural structure of VGG-16, illustrating its sequential and uniform layer configuration. 

 

 

 
 

Figure 5. VGG-16 architecture 
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2.5.  ResNet50 
ResNets are deep convolutional networks whose basic idea is to bypass the block process of the 

convolutional layer by using shortcut connections. ResNet has a basic block called bottleneck block which 

has two rules in its simple design [32]. The first rule is that for the same output feature map size, each layer 

has the same number of filters. The second rule is that if the size of the output feature map is divided into 

two, the number of filters for each layer is doubled. Sampling is done directly by the convolution layer which 

has the step of converting each byteplot into an RGB image and batch normalization which is done right after 

each convolution and before the ReLU activation process. Converting each byteplot into an RGB image 

resizes it to 224×224 dimensions and subtracts the average RGB dataset data from each pixel [33]. Figure 6 

illustrates the architecture of ResNet50, highlighting the shortcut connections and bottleneck design that 

make the network deeper and more efficient. 

 

 

 
 

Figure 6. ResNet50 Architecture 

 

 

3. RESULTS AND DISCUSSION  
3.1.  Training results 

In model training, various important parameters are needed to support the training process 

optimally. The detailed configuration of these parameters is summarized in Table 3, which presents the 

values applied uniformly across all models used in this study. As shown in Table 4, ResNet50 model exhibits 

a train loss of 1.3397 and a validation loss of 1.4833, indicating that the model struggles to effectively learn 

from the data during both training and validation. This is further supported by its train accuracy of 0.5101 

and validation accuracy of 0.4568, suggesting that the model is experiencing underfitting, where it fails to 

capture the underlying patterns in the training data, thus leading to poor generalization. In contrast, VGG-16, 

as presented in Table 4, demonstrates improved learning capability with a lower train loss of 0.2647 and 

validation loss of 0.7211. Its train accuracy of 0.9146 reflects a strong ability to recognize patterns in the 

training set. However, the gap between training and validation accuracy (validation accuracy of 0.7579) 

indicates a tendency toward overfitting, though the model still maintains a relatively good level of 

generalization. Among the three models in Table 4, MobileNetV2 achieves the best overall performance. It 

records a remarkably low train loss of 0.0015 and validation loss of 0.7561, alongside a perfect train accuracy 

of 1.0000. Notably, its validation accuracy reaches 0.8232, suggesting excellent generalization capabilities 

and an effective learning process without any significant overfitting. These results confirm that MobileNetV2 

is the most efficient model in learning the data in the absence of augmentation. 

 

 

Table 3. Hyperparameters used for all models 
Parameters Value 

Input image 224×224 

Optimizers Adam 

Learning rate 0.001 
Epoch 100 

Batch size 32 

Activation function FC ReLu 
Function in the model  Avg 

 

 

Table 4. Training results of model without augmentation 
Deep learning model Train loss Valid loss Train accuracy Valid accuracy 

ResNet50 1.3397 1.4833 0.5101 0.4568 
VGG-16 0.2647 0.7211 0.9146 0.7579 

MobileNetV2 0.0015 0.7561 1.0000 0.8232 
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Table 5 shows the results of testing models with data augmentation. It can be seen that none of the 

three models have improved performance compared to without augmentation. In ResNet50, the train loss of 

1.6345 and valid loss of 1.6292 show that even though this model uses augmentation, its performance in 

understanding patterns from training data remains low. This is also reflected in the train accuracy which only 

reaches 0.3916 and valid accuracy of 0.4379. The ResNet50 model still has difficulty in generalizing patterns 

from training data to validation data, and its performance is still low. On VGG-16, data augmentation helped 

the model learn better. Train loss of 0.5155 and valid loss of 0.7485 show that the model is able to reduce 

errors in both training data and validation data. Train accuracy of 0.8167 and valid accuracy of 0.7411 show 

that the model is more stable in learning data with augmentation and is able to maintain good generalization, 

although there is a slight gap between the performance on training data and validation data. Meanwhile, 

MobileNetV2 again showed the best performance. With very low train loss (0.0972) and valid loss (0.6279), 

the model showed excellent learning ability from the training data and was able to maintain generalization on 

the validation data. Train accuracy of 0.9690 and valid accuracy of 0.8189 show that with augmentation there 

is a decrease in performance. 

 

 

Table 5. Training results of model with augmentation 
Deep learning model Train loss Valid loss Train accuracy Valid accuracy 

ResNet50 1.6345 1.6292 0.3916 0.4379 

VGG-16 0.5155 0.7485 0.8167 0.7411 
MobileNetV2 0.0972 0.6279 0.9690 0.8189 

 

 

3.2.  Testing results 

The test results using test data from several models, both those using augmentation and those 

without augmentation, will be used to select the best model among the three models evaluated. Table 6 

presents a comparison of the overall test performance. A comparison was made to see the performance of 

three deep learning models, namely ResNet50, VGG-16, and MobileNetV2 with and without the use of data 

augmentation techniques. Data augmentation aims to improve the generalization of the model to the test data. 

In the ResNet50 model, the results showed that when augmentation was used, recall was 38.90%, precision 

51.26%, F1-score 44.23%, and accuracy 41.60%. However, when augmentation was removed, there was an 

increase in recall to 46.04% and accuracy to 46.43%, although precision decreased slightly to 48.21%. This 

shows that ResNet50 gains a slight advantage without augmentation, but its overall performance remains low 

compared to other models. Meanwhile, the VGG-16 model shows a fairly stable performance both with and 

without augmentation. With the application of augmentation, the accuracy value increased by 1.89%. This 

shows that augmentation helps in maintaining performance stability, although the difference is not very 

significant. The MobileNetV2 model gave the best results among the three. With augmentation, recall 

reached 81.89%, precision 80.44%, F1-score 81.16%, and accuracy 81.72%. Without augmentation, the 

performance actually improved, with recall 84.35%, precision 85.22%, F1-score 84.78%, and accuracy 

84.45%. This shows that MobileNetV2 has an excellent ability to generalize data, even without 

augmentation. Overall, augmentation has a varying impact on each model, but MobileNetV2 still excels in 

waste type classification, both with and without augmentation. The comparison of the test accuracy between 

the three models is shown in Figure 7. 

In many cases, data augmentation helps deep learning models avoid overfitting on training data and 

improves their performance on unseen test data. By introducing controlled variation, augmentation enhances 

the model’s ability to generalize to new inputs. However, there are situations where augmentation may 

reduce accuracy. This typically occurs when the variations introduced do not align with the natural 

characteristics of the original data. For instance, in some classification tasks, transformations such as  

90-degree rotations or flips may generate images that are irrelevant or unnatural for the class being 

recognized. As a result, the model may learn from misleading patterns, leading to incorrect predictions. 

Moreover, if a model already demonstrates strong pattern recognition on the original dataset, additional 

variation can introduce unnecessary noise, reducing its ability to focus on key features. This phenomenon 

was observed in MobileNetV2, where accuracy improved when augmentation was not applied. Research 

comparing three models—ResNet50, VGG-16, and MobileNetV2—further emphasizes that the effect of 

augmentation depends on model architecture. ResNet50 performed poorly overall, with or without 

augmentation, while VGG-16 showed stable but moderate results. MobileNetV2 consistently outperformed 

both, even without augmentation, proving to be the most effective model for waste type classification. 
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Table 6. Comparison of best model results 

Pre-trained model 
Using augmentation No augmentation 

Recall Precision F1-score Accuracy Recall Precision F1-score Accuracy 

ResNet50 38.90 51.26 44.23 41.60 46.04 48.21 47.10 46.43 

VGG-16 73.75 78.20 75.91 75.84 73.65 76.85 75.21 73.95 

MobileNetV2 81.89 80.44 81.16 81.72 84.35 85.22 84.78 84.45 

 

 

 
 

Figure 7. Comparison of test accuracy among ResNet50, VGG-16, and MobileNetV2 with and without 

data augmentation 

 

 

3.3.  Best model 

The model loss graph depicts the loss progression during the training process for both training and 

validation data. Figure 8 illustrates this loss behavior across the three models tested, providing a visual 

comparison of how each model responds over the course of training. From the three graphs shown, it can be 

seen that ResNet50 (Figure 8(a)) and VGG-16 (Figure 8(b)) models show a less significant decrease in train 

loss. In terms of validation loss. In contrast, MobileNetV2 model (Figure 8(c)) shows a drastic decrease in 

train loss, almost approaching zero as the number of epochs increases, indicating that it is able to learn the 

patterns in the training data well, the MobileNetV2 model decreased at the beginning, but then stabilized and 

started to increase after about five epochs. ResNet50 model showed a significant increase in validation loss at 

the 10th epoch, while VGG-16 experienced an increase at the 20th epoch, where both still showed instability. 

This increase in validation loss is an indication of overfitting, where the model fits the training data too well 

but does not generalize well to the validation data. This shows that while MobileNetV2 model performs very 

well on the training data, it cannot perform optimally on the validation data. The model memorizes the 

training data rather than capturing more general patterns, making it less effective when faced with new data. 

In terms of epochs, it also shows that the MobileNetV2 model converges faster, requiring only 25 epochs to 

reach stability. This is due to MobileNetV2's more lightweight and parameter-efficient architecture, and is 

designed to perform optimally in resource-constrained environments. 

 

 

 
(a) 

 
(b) 

 
(c) 

 

Figure 8. Loss graphic for (a) ResNet50, (b) VGG-16, and (c) MobileNetV2 

 
Loss graphic ResNet50 

 
Loss graphic VGG-16 

 Loss graphic MobileNetV2 
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The graph in Figure 9 displays the accuracy graphs for the three models. The ResNet50 model also 

showed varying fluctuations from the start of training until it reached 50% accuracy (Figure 9(a)), but the 

validation accuracy showed lower values. VGG-16 showed a steadier increase in accuracy up to a lift of 90% 

(Figure 9(b)). The validation accuracy also improved more significantly than ResNet50, indicating better 

generalization ability. MobileNetV2 quickly achieves high accuracy on the training data, approaching 100% 

within about the first 7 epochs (Figure 9(c)). However, the accuracy on the validation data only reached 

about 82%, with small fluctuations throughout the training process. The discrepancy between the very high 

training accuracy and the lower validation accuracy indicates that the model may suffer from overfitting, 

where the model memorizes its training data too much and does not generalize well to new data. 

 

 

 
(a) 

 
(b) 

 
(c) 

 

Figure 9. Accuracy graph of training and validation results across of (a) ResNet50, (b) VGG-16, and  

(c) MobileNetV2 

 

 

The confusion matrix illustrates the performance of the MobileNetV2 model in classifying  

9 categories of waste, including cardboard, food organics, glass, metal, miscellaneous trash, paper, plastic, 

textile trash, and vegetation. From the matrix in Figure 10, it can be seen that the model has a fairly high 

accuracy in some classes, such as metal with 77 correct predictions out of a total of 85, plastic with 80 correct 

predictions out of 89, and vegetation with 48 correct predictions out of 50. However, some classes experience 

a fairly high level of confusion, especially in miscellaneous trash and food organics, where the model often 

misclassifies them as other classes. This shows that while the model works well on some categories, there is 

still room for improvement on classes that are more ambiguous or difficult to recognize. 

 

 

 
 

Figure 10. MobileNetV2 confusion matrix 

 
Accuracy graph ResNet50 

 
Accuracy graph VGG-16 

 
Accuracy graph MobileNetV2 
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4. CONCLUSION 

Based on the results, MobileNetV2 showed the best performance in waste type classification 

compared to ResNet50 and VGG-16. With data augmentation techniques, MobileNetV2 achieved an 

accuracy of 81.72%, while without augmentation the accuracy increased to 84.45%, showing that the model 

is highly efficient even without excessive augmentation. VGG-16 also shows stable performance with an 

accuracy of 75.84% when using augmentation and 73.95% without augmentation, indicating that 

augmentation provides a slight, but not significant improvement. In contrast, ResNet50 had the lowest 

performance with an accuracy of only 41.60% using augmentation and slightly improved to 46.43% without 

augmentation, indicating that this model is less than optimal for litter classification on the dataset used. 

Overall, data augmentation has a different effect on each model, with MobileNetV2 proving to be the most 

efficient and optimal model in this task, both with and without augmentation. 
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