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 Waste management is still a significant environmental problem, especially 

in developing countries with high population density. The waste sorting 

process, which is still mostly done manually, causes low efficiency and 

consistency of sorting. Previous studies generally focused on binary 

classification, while research on lightweight CNN architectures for multi-

class waste classification, particularly in simulation-based scenarios with 

per-class performance analysis, remained relatively limited. This study 

aims to evaluate the performance of the waste image classification model 

using a lightweight Convolutional Neural Network architecture, namely 

MobilNetV2 based on the transfer learning approach. The dataset used 

consists of four categories of waste (metal, plastic, paper, organic) obtained 

from public datasets. The flow of this research includes the dataset 

collection stage, preprocessing in the form of resize and rescale, training 

model and evaluation model using accuracy, confusion matrix, precision, 

recall, and F1-Score metrics. The test results showed that the model 

achieved an accuracy of 92.02% with relatively consistent performance in 

each class. The misclassification that appears is limited and shows a similar 

pattern between classes. These findings show that MobileNetV2 is able to 

provide stable classification performance and has the potential to be used 

as a supporting model in the development of automated waste sorting 

systems in the future.  

Keywords:  

Convolutional Neural Network; 
Machine Learning; Smart Waste 
Management; Transfer Learning; 
Waste Classification 
 
 
 
 

 

This work is licensed under a Creative Commons Attribution 4.0 International License 

Corresponding Author: 

Dandy Cahyo Purnomo 
Mechatronics Engineering Department, Swiss German University, Jalur Sutera Barat No. 15, Tangerang 15143, Indonesia 

Email: dandy.purnomo@sgu.ac.id 

 

 

1. INTRODUCTION 

Waste management is one of the environmental problems that is still a challenge in various 

countries. The world's waste is expected to increase to 3.4 billion tonnes per year by 2050, with most of 

it generated in developing countries that lack the infrastructure to recycle waste and divert resources to 

collect it [1]. Indonesia is one of the most densely populated developing countries. Population growth 

and increased public consumption activities contribute to the increase in the volume of household waste 

every year [2].  

One of the important stages in waste management is the process of sorting by material type, such 

as organic waste, plastic, paper, and metal, which aims to support recycling and advanced processing 
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processes more effectively. In practice, the waste sorting process is still mostly done manually. This 

method requires a lot of time and effort and relies heavily on human precision so that many are still 

unable to sort waste properly. Technologies such as bins that can automatically separate waste were 

developed to address this problem [3]. One of the findings of waste image classification provides a new 

direction for waste classification problems is the use of Convolutional Neural Network (CNN) to train 

waste image classification models [4]. The model is trained to recognize different types of waste through 

visual analysis such as color, shape, and texture.  

In several studies, deep learning, especially Convolutional Neural Networks, has been used for 

digital image-based waste classification. Compared to conventional methods that rely on manual sorting, 

this method has proven to be effective in extracting visual features automatically and improving 

classification accuracy [5]. As demonstrated by Zheng et al., the integration on lightweight CNN 

architecture with an attention mechanism is highly effective for achieving accurate object localization, 

particularly in identify the spatial position of insect pests[1]. 

In addition, a deep learning approach has also been used in smart and sustainable urban waste 

management; This shows that the classification of waste based on images is still relevant and constantly 

evolving [7]. However, some previous research has still concentrated on the use of binary systems or 

classifications. Meanwhile, studies evaluating the performance of light CNN architecture in simulation-

based multi-class waste classification scenarios with performance analysis per class are still relatively 

limited. 

Based on the research gap, this study aims to evaluate the performance of the MobileNetV2 

architecture in conducting multi-class classification of image-based waste in a simulation scenario. The 

evaluation was carried out using accuracy, precision, recall, and F1-score metrics to analyze the 

consistency and balance of model performance in each waste class. This research is expected to 

contribute in the form of a deeper understanding of the capabilities and limitations of MobileNetV2 as 

a lightweight classification model, as well as its potential to be used as a supporting module in the 

development of intelligent waste management systems in future research. 

 

2. RESEARCH METHOD 

This study uses the applied experimental research method with the Convolutional Neural Network 

model transfer learning approach for the classification of waste images. This method aims to evaluate 

the performance of the machine learning model in classifying images into four categories of waste based 

on test data. The experimental approach was chosen because it allows for controlled measurement of 

model performance through quantitative metrics as well as prediction error analysis. The results of the 

model's performance measurement are expected to be able to be implemented as an intelligence 

component in the automatic waste classification system. The research workflow is illustrated in Figure 

1. First, the dataset is collected and categorized into four classes: metal, plastic, paper, and organic. The 

dataset is subsequently partitioned into three subsets: 80% for training, 10% for validation to prevent 

overfitting, and 10% for testing. Prior to training, preprocessing is applied through resizing and rescaling 

to standardize image dimensions and normalize pixel values. The MobileNetV2 architecture is then 

trained on the prepared subsets, after which model evaluation is conducted to assess classification 

performance. 

 

Figure 1. Research workflow 
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2.1. Dataset Collection 

The dataset was taken from the Kaggle public dataset [2][3], which was divided into four categories, 

namely metal, organic, paper and plastic with a total of 410 in each class. The images are taken from 

various angles with diverse backgrounds. The dataset is then stratified into 80% for data training, 10% 

for testing, and 10% validation. Table 1 shows the distribution of the dataset ratios used. An example of 

the dataset used is in “Figure 2”. Due to the limitations of the dataset, an augmentation technique was 

carried out to increase the variety of the dataset, namely in the form of random horizontal or vertical 

reversals with a rotation of 15° [4]. 

Table 1. Dataset distribution 

 Total Train (80%) Test (10%) Val (10%) 

Metal 410 328 41 41 

Organic 410 328 41 41 

Paper 410 328 41 41 

Plastic 410 328 41 41 

                                                                                                                      1.640 1.312 164 164 

 

Figure 2. Example of the dataset used in the study is divided into four classes, namely metal, organic, 

paper and plastic 

2.2. Preprocessing Data 

Image preproccessing is done by resize the entire image size to 224 x 224 pixels to meet the input 

layer specifications of the MobilNetV2 architecture. This process is important in the data preprocessing 

stage because it ensures that the neural network can process each image consistently without changing 
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its key visual features [5]. Furthermore, the pixel value is normalized to a floating value of 0 to 1 to 

accelerate the convergence of the training process [6].  

2.3. Training Model 

The model runs on the MobilNetV2 architecture. The MobilNetV2 was chosen because it is 

lightweight and can balance performance and computing efficiency [7]. The MobileNetV2 model is 

initialized from ImageNet, which is transfer learning so that the model can leverage knowledge from 

big data such as ImageNet to improve image classification tasks [13]. 

The model was trained using the Adam optimizer with a learning rate of 0.0001, a batch size of 32, 

and a number of epochs of 20. The relatively small learning rate selection aims to ensure that the weight 

update process takes place stably at the classification layer. During the training process, data 

augmentation is applied to the training data to improve visual variation of the image. This augmentation 

is based on the ImageDataGenerator class provided by the Keras deep learning neural network library 

[9][10]. Meanwhile, validation data is used to monitor model performance and detect potential 

overfitting through the observation of accuracy and loss values.  

2.4. Model Evaluation 

The evaluation of model performance was carried out using a confusion matrix. The confusion 

matrix represents the actual value and predicted value of the model [11]. The model is then evaluated 

by calculating precision, recall, and F1-score metrics for each of its classes defined in Equations (1) – 

(4). The main components of the confusion matrix consist of True Positive (TP), False Positive (FP), 

False Negative (FN), and True Negative (TN). The four components are calculated for each class where 

one class is treated as a positive class and the other class as a negative class. As an illustration, in the 

paper class, the TP value represents the number of paper images that are correctly predicted to be papers. 

The FP value indicates the number of images from other classes (e.g. plastic or metal) that are incorrectly 

predicted to be paper. The FN value represents the number of paper images that are incorrectly classified 

as other classes, while TN represents the number of images from other classes that are correctly predicted 

as non-paper. The same approach is applied to the metal, organic, and plastic classes. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
         (1) 

It is used to measure the level of reliability of a model's prediction of a class, i.e. the extent to which 

the resulting positive prediction is correct. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
          (2) 

To measure the model's ability to detect all actual samples of a class. 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =   2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
         (3) 

To provide a measure of balance between precision and recall in order to be able to represent model 

performance in more detail. 

 

3. RESULTS AND DISCUSSION  

The test results on the test data showed that the model achieved an accuracy of 92.02% with a low 

loss value. These results show that the transfer learning approach with MobileNetV2 is able to classify 

waste images well even though the model is not fine-tuned. This high performance indicates that the 

visual features learned from ImageNet are representative enough to distinguish categories of garbage 

that have clear visual differences. 
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Figure 3. Training or validation loss and accuracy 

In “Figure 3,” the model's performance shows an overall improvement trend during the training 

process, although it is accompanied by fluctuations between epochs. The accuracy of the training data 

which at the beginning of the training was at 0.2982 increased to a range of 0.85, with some temporary 

decreases at certain epochs. The accuracy of the validation data also increased gradually and reached a 

high value of 0.94 in the 17th epoch, but did not increase monototically throughout the training. The 

lowest validation loss was recorded at 0.26 in the 17th epoch. The achievement of the highest validation 

accuracy value in conjunction with the lowest validation loss indicates that the performance of the model 

at the epoch represents the most optimal learning conditions based on the validation data, according to 

the pattern shown by the graph and table of training results. 

 
Figure 4. Confusion Matrix 

The confusion matrix shows that most of the test data is correctly classified, with a relatively 

consistent pattern of error between classes. The organic class exhibits the highest consistency, where all 

41 data are predicted precisely without errors. In the metal class, out of 41 data, there are 4 prediction 

errors that are consistently divided into paper (2 data) and plastic (2 data) classes. The paper class 
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showed 5 prediction errors, with a similar pattern of errors, namely 3 data misclassified as metal and 2 

data as plastic. Meanwhile, in the plastic class, out of 41 data, there are 4 data that are consistently 

incorrectly predicted as metals. A pattern of repeating errors that are concentrated in specific class pairs 

indicates that the model has stable predictive behavior, where errors are not random, but rather appear 

in classes with potentially intersecting visual characteristics. Thus, this confusion matrix not only 

indicates the level of accuracy of the model, but also reflects the consistency of the prediction pattern 

and the resulting error. 

Table 2. Evaluation Matrix in the form of Precision, Recall and F1-Score 

 Precision Recall F1-Score 

Metal 0,8409 0,9024 0,8705 

Organic 1,0000 1,0000 1,0000 

Paper 0,9474 0,8780 0,9114 

Plastic 0,9024 0,9024 0,9024 

Macro Avarage 0,9226 0.9207 0,9211 

Weighted Average 0,9226 0.9207 0,9211 

 

In the evaluation metrics, the model showed consistent performance across the class. The organic 

class obtained a precision, recall, and F1-score of 100%, which indicates a perfect level of prediction 

consistency in the test data so that it is easily recognized by the model. Meanwhile, the metal, paper, 

and plastic classes also showed varied performance, with F1-score values of 87.05%, 91.13% 

respectively; and 90.24%. This difference in performance between classes indicates a certain level of 

visual similarity, especially in the paper and plastic classes. Nonetheless, the F1-Score score obtained 

still shows a good balance between precision and recall in each class. Overall, the average value of the 

evaluation metrics reached 92%, which shows that the model is able to consistently classify waste on 

the dataset used. However, it should be noted that the dataset used was under controlled conditions, so 

the model's performance under real conditions with variations in lighting, object deformation, and more 

diverse levels of waste cleanliness could not be fully represented in this study. 

In addition to quantitative evaluation, qualitative inference testing was conducted using a Gradio-

based interface, as demonstrated in Figures 5 through 8. Figure 5. shows a plastic wrapper sample 

correctly classified as plastic, Figure 6. depicts a beverage can correctly predicted as metal, Figure 7. 

presents bread waste classified as organic, and Figure 8. shows a newspaper correctly identified as paper. 

This test aims to verify the predictive behavior of the model on the input image individually outside of 

the batch testing scheme. The test results showed that the model was able to provide class predictions 

that were consistent with the performance patterns obtained in quantitative evaluations, especially in 

images with clear visual characteristics. These findings indicate that the model not only performs well 

numerically, but also performs stably in simulated use scenarios, which is relevant for the development 

of automated waste classification systems in the future. 
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Figure 5. Plastic wrapper waste predicted as plastic Figure 6. Beverage can waste predicted as metal 

 

  
Figure 7. Bread waste predicted as organic Figure 8. Newspaper waste predicted as paper 

 

4. CONCLUSION  

The MobileNetV2 model achieved an accuracy of 92.02% in multi-class waste image classification, 

demonstrating balanced performance across all categories. Per-class analysis revealed consistent 

predictive behavior, with misclassification patterns concentrated among visually similar classes. These 

results confirm that lightweight CNN architectures are capable of delivering stable classification 

performance, both in terms of overall accuracy and inter-class prediction distribution. The primary 

contribution of this study lies in the systematic evaluation of per-class performance consistency and 

misclassification pattern analysis in lightweight models, aspects that have received limited attention in 

prior literature. From a practical standpoint, the findings suggest that MobileNetV2 holds considerable 

potential as a classification module in automated waste sorting systems and image-based educational 

applications. However, validation under real-world environmental conditions and deployment on 

resource-constrained devices remain important directions for future research. 
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