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 Waste management remains a critical challenge globally, particularly in Indonesia, 

where low public awareness and suboptimal waste handling practices contribute to 

serious environmental impacts. To address this issue, we propose a computerized 
waste classification system using a Convolutional Neural Network (CNN) based on 

the MobileNetV2 architecture. The model classifies waste into five categories: 

plastic, cardboard, paper, glass, and organic. Leveraging transfer learning, the model 

achieved a training accuracy of 95.28% and a validation accuracy of 89.48%, with 

5-fold cross-validation confirming its robustness. Evaluation on 1,224 unseen 

images resulted in an overall accuracy of 86.36%, with precision and recall scores 

of 87.44% and 85.87%, respectively. While class-wise performance varied, the 

results highlight the potential of lightweight CNNs to improve waste sorting 

efficiency in Indonesia. Future work will focus on refining performance for minority 

classes and exploring integration into real-world applications 
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I. INTRODUCTION 

Indonesia's population development may affect people's 

consumption habits, which might lead to a rise in the amount 

of waste created. Indonesia is the world's fifth-largest 

producer of waste, according to the World Bank publication 

The Atlas of Sustainable Development Goals 2023[1]. Based 

on data from SIPSN, the amount of waste in Indonesia has 

increased significantly over the past five years, with a 

noticeable rise from 2020 to 2023, followed by a slight 

decline in 2024. This trend indicates that waste management 
in Indonesia remains poorly regulated and inconsistent [2]. 

However, in many areas, there is still little awareness of the 

significance of waste management. Many people still do not 

have the habit of sorting and managing waste. This may lead 

to an uncontrollable amount of garbage, harming the 

ecosystem, human health, and the planet. 

Waste is defined as unused materials or items that have 

run out of usefulness. Waste is often described as things left 

over after use, such as food no longer fit for eating, paper, 

cardboard, glass, plastic, and other waste materials. Waste 

may be broadly classified into two categories: organic and 
inorganic. Waste can be classified as either organic or 

inorganic. Organic waste is derived from the remains of living 

things, such as food waste or plant remains. Inorganic waste 

takes longer to decompose naturally and includes plastic, 

glass, cardboard, and other synthetic materials [3], [4]. 

Sustainable environmental management initiatives 
greatly benefit from the distinction between different forms of 

waste, particularly between organic and inorganic waste. In 

this instance, separating two waste categories may present 

chances for improved effectiveness and efficiency in 

management. With the right processes, organic waste may be 

converted into compost, fertilizer, and livestock feed. 

However, inorganic waste may also be recycled to create 

recyclable materials, which are goods that can be used again. 

Glass, cardboard, plastic, paper, and other materials are 

among the recyclable inorganic waste products [5]. 

The artificial intelligence field of machine learning (ML) 
aims to create computer systems that can learn and adapt 

without requiring explicit programming. In machine learning, 

deep learning is a scientific discipline that uses information 

from raw data to create complex patterns using algorithms or 

statistical models. Deep learning (DL) employs stacks of 

layers to comprehend and extract information from 

complicated data while creating neural network models. The 

more intricate the feature representations the model can learn, 
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the deeper the network architecture. Neural Networks possess 

a flexible structure that indicates a given layer will move to 

the left of another layer. Neural Networks are based on 

concepts from the field of neurobiology and are inspired by 

human beings' ability to understand objects. Research [5] 

presents a deeper understanding of the significance of ML and 

DL, as well as related models, in building the structural layers 

of the evaluated data. 

Computer vision is artificial intelligence (AI) that arises 
from applying many scientific disciplines that explain how 

computers might get a high-level understanding of digital 

images or movies. Computer vision has been widely used in 

various applications, including image detection and 

categorization. In research [6], the author created a North 

Sulawesi regional musical instrument program named 

Kolintang, employing a camera as a PC motion detection 

sensor. The success of this application introduces a new 

dimension to playing the Kolintang musical instruments on a 

portable computer. [7] Developed a Kinect-based training 

system for slow practice. This technology was designed to 
replace gym trainers, allowing consumers to train 

autonomously. The system presents a grading technique for 

determining the trainer and user's posture and timing 

similarities. The system can be accurately evaluated by 

running experiments in real-time. Furthermore, the grading 

technique can determine how similar the tutor and user's 

dancing stances and postures are, as well as their dancing 

times. 

 An artificial neural network, often known as a neural 

network, is a concept in ML that functions similarly to the 

structure and operation of the human brain [8], [9]. 

Convolutional Neural Networks (CNN), which can recognize 
and categorize picture objects, are one example of how neural 

networks are used in this situation [10], [11]. Using ML 

technology to manage and categorize different kinds of waste 

is a good first step toward an effective solution [12]. Using 

deep learning technology, the CNN algorithm is one such 

approach. CNN can recognize objects or specific areas in an 

image and classify photos and movies. The CNN approach 

has been applied in numerous studies [13]. The author 

analyzes three CNN designs to categorize moving objects in 

traffic CCTV footage. RetinaNet, EfficientNet, and SSD 

MobileNet are the designs that are compared. The author 
attempts to categorize trucks, vehicles, motorcycles, and 

people. This advancement highlights MobileNet's potential as 

a lightweight yet effective solution for dermatological 

diagnostics.  

ML enables systems to identify and detect waste and 

categorize it into organic and inorganic categories. By 

identifying waste that is recyclable or deserving of recycling 

within the inorganic waste, this method can assist in 

optimizing the recycling process. One approach that can 

address issues with increasing waste management efficiency 

is the incorporation of ML into the categorization and 

detection of waste. 
In [14], the effectiveness of waste classification. The 

study compares Res-Net50, achieving 87% accuracy, and 

Mobile-NetV2, reaching 89.26%, with their own custom 6-

layer CNN model that achieves 91% for binary 

biodegradable/non-biodegradable classification. The 

previously outlined issues serve as the foundation for 

developing web-based apps. The developed application can 

efficiently classify five types of waste: plastic, paper, 

cardboard, glass, and organic. In addition, it will incorporate 

a feature that suggests ways to recycle waste to raise 
environmental awareness, enable waste to be transformed into 

something more useful, and lower the amount of waste 

produced in Indonesia. 

The rest of this article is arranged as follows: Section 2 

focuses on the methodology applied. Section 3 explores the 

implementation of the system, followed by Section 4, which 

discusses the testing process and the results achieved. 

Eventually, Section 5 presents the conclusions and 

suggestions for future work. 

 

II. METHOD 

A. Datasets 

  The dataset comprises 13,059 images across five waste 

categories, sourced from Kaggle's "Waste Classification 

Data" and "Waste Classification". The distribution of classes 

is as follows: 
TABLE 1 

DATASET  

Class Number of Images Percentage 

Plastic 2500 19.15% 

Cardboard 1800 13.79% 

Paper 3000 22.98% 

Glass 2759 21.13% 

Organic 3000 22.98% 

 
Data augmentation techniques, including rotation, zoom, 

and flipping, were applied during training to mitigate class 

imbalance. The dataset was split into 80% training (10,447 

images) and 20% validation (2,612 images). 

 

B. Multiclass Classification 

The multiclass classification method is one of the ML 

parts involving classifying more than two classes. The 

classification method was introduced initially for binary 

classification with only two classes; however, real-world 

problems affect more than binary classification. To solve this, 
multi-class classification is an essential aspect of ML to solve 

real-world problems with more than two possible outputs or 

classes[15]. 

 

C. TensorFlow 

TensorFlow is a powerful library for numerical 

computation and ML. It allows users to represent complex 

algorithms and perform tasks based on data stored in specific 

objects. TensorFlow is commonly used for tasks like building 

and training neural networks, performing mathematical 

operations on large datasets, and solving various ML 
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problems[16], [17]. 

D. Proposed Model 
The architecture chosen for transfer learning is 

MobileNetV2. This architecture is renowned for its 

computational efficiency and fast inference speed, critical for 

deploying edge devices with limited resources. MobileNetV2 

employs depth-wise separable convolutions and inverted 

residual blocks, significantly reducing parameter count (3.4 

million parameters) while maintaining competitive accuracy. 

Compared to heavier architectures like ResNet-50 (25 million 

parameters) or VGG16 (138 million parameters), 

MobileNetV2 balances performance and efficiency, making 

it ideal for large-scale waste classification tasks.  
Figure 1 shows that there will be two processes: preparing 

the dataset and building the DL model. The program takes an 

image as input with a size of 256x256 pixels and RGB color 

depth, using the Python programming language and the 

TensorFlow library to build this program. In preparing the 

dataset process, the dataset with five total classes is divided 

into two directories: training and validation data for the 

training model process; the dataset is divided into 80% 

training data and 20% validation data. Using TensorFlow to 

do this preparation process ensures the data in each directory 

is balanced, so there will be no bias during the training 

process. 
After the dataset is divided into two directories, the next 

step is to augment the training data to enrich it with variations 

of the images within the training data so it can represent the 

real-world case. Data augmentation involves various 

transformations, such as rescaling, rotating, cropping, 

flipping, and zooming the original images to create new, 

slightly modified versions. Applying this augmentation 

method to the original images can help expose the model to a 

broader range of scenarios and conditions, making the model 

more capable of generalizing well to unseen data. 

This program has two main parts in the classification 
process: building and fitting the model. The model is built by 

using transfer learning from TensorFlow. The model would 

be equipped with network parameters such as weight and bias 

configured according to the dataset earlier through the 

training process with the optimization method. The model 

training process will generate a CNN-based model ready for 

classification. 

The program will use MobileNetV2 as the base layer, but 

with a few modifications, where the top layer of the 

architecture will not be used, and the weights of the layers are 

frozen; with this, we can use the architecture as transfer 

learning and then add a custom layer as shown in Figure 2. 

Afterward, the custom model based on the MobileNetV2 
architecture is built, and the dataset containing images is fed 

into the model for training. The output of this training process 

is a model ready for classification. 

 
Figure 1. System Design Flowchart 

 

1) Rectified Linear Units (ReLU) is an activation function 

with strong biological and mathematical underpinnings. It 

works by thresholding the value at 0, for example, 

f(x)=max (0, x). simply put, the outputs will be 0 when 

 
Figure 2. Custom CNN Architecture 
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x<0, and conversely, it outputs a linear function when x≥0, 

as present in Figure 3. The ReLU activation function will 

produce zero as an output when x<0 and produce a linear 

output with a slope of 1 when x>0 [18]. The ReLu 

activation function is used in neural networks, facilitates 

faster training, encourages sparsity, and avoids the 

vanishing gradient problem. 

 

 
 

Figure 2 ReLU 

 

2) The Softmax function is a DL solution to classification 

problems usually employing the softmax function as a 

classification function (as the last layer) and is more useful 

for multi-class classification problems because it provides 

a clear interpretation of model outputs as probabilities, 

allowing for straightforward decision-making based on the 

highest probability class. The softmax function specifies a 

discrete probability distribution for K classes, denoted by 
∑ 𝑃𝑘𝐾

𝑘=1  [19], [20]. 

3) The loss function was introduced as an algorithm to 

measure how much the error rate is in a model. The output 

of the neural network model came in the form of a 

confidence score, which suggested that a bigger correct 
confidence score proved to be better. It quantifies the error 

between the predicted outputs of a model and the actual 

ground truth labels. Measuring the model's performance 

helps the learning process [21]. Categorical cross-entropy 

loss measures the dissimilarity between the true 

distribution (the actual labels) and the predicted 

distribution (the output probability generated by the 

softmax function). Categorical cross-entropy is also 

commonly applied in classification cases, where L is the 

sample loss value, and j is the label. Whereas the target 

value is denoted by y, and the predicted value is denoted 

by 𝑦̂, below is the equation of this loss function [22], [23]: 

𝑳𝒊 =  ∑ 𝒚𝒊,𝒋𝒋 − 𝐥𝐨𝐠 (𝒚𝒊,𝒋)̂  …1) 

4) Optimization is crucial in DL; it finds the best parameters 

(weight, bias, and learning rate) to minimize or maximize 

certain objective functions. The optimization method is an 

algorithm that updates the parameters of an artificial 

neural network to reduce the loss rate [24]. Adaptive 
Momentum Estimation (Adam) is an algorithm that can be 

used as a replacement for the classical SGD optimization 

algorithm. Adam combines RMSProp and Stochastic 

Gradient Descent (SGD) with momentum. The main 

component of Adam relying on the adaptive learning rates 

is that Adam can dynamically adjust the learning rate for 

each parameter based on the first and second moments of 

gradients. Adam also incorporates momentum, which 

helps accelerate optimization by accumulating weighted 

averages of past gradients. Bias correction is also applied 

inside Adam; it estimates the first and second moments of 

gradients, especially during the early iterations when the 

estimates are biased toward zero. Adam is commonly used 

because it converges faster than traditional optimizer 
algorithms such as SGD and requires less parameter 

tuning[25]. Below is the equation of Adam: 

𝒎𝒊,𝒕 =  𝜷𝟏𝒎𝒕−𝟏 + (𝟏 − 𝜷𝟏)
𝝏𝑳𝒕

𝝏𝒘𝒊,𝒕
  …2) 

𝒗𝒊,𝒕 =  𝜷𝟐𝒎𝒕−𝟏 + (𝟏 − 𝜷𝟐)(
𝝏𝑳𝒕

𝝏𝒘𝒊,𝒕
 )𝟐  …3) 

𝒎̂𝒊,𝒕 =  
𝒎𝒊,𝒕

𝟏−𝜷𝟏
𝒕     …4) 

𝒗̂𝒊,𝒕 =  
𝒎𝒊,𝒕

𝟏−𝜷𝟐
𝒕     …5) 

𝑾𝒊,𝒕 =  𝑾𝒊,𝒕−𝟏 −
𝒏

√𝒗𝒊,𝒕+𝜺̂
𝒎𝒊,𝒕̂  …6) 

The Adam optimization algorithm's weight parameter (𝑾) 
represents the updated value during training. The learning 

rate (𝜼) controls the step size for these updates, ensuring 

stable convergence. The term 
𝝏𝑳𝒕

𝝏𝒘𝒊,𝒕
 denotes the gradient of 

the loss function with respect to the weight, determining 

the direction and magnitude of updates. To improve 
optimization, Adam maintains a first-moment estimate 

𝒎̂𝒊,𝒕, which acts as momentum by averaging past 

gradients, and a second-moment estimate 𝒗̂𝒊,𝒕 which tracks 

the variance of gradients to normalize updates. Since both 

moments start at zero, bias corrections 𝒎,̂ and 𝒗,̂ is applied 

to counteract the initial bias in early iterations. A small 

constant (𝜺) is added to prevent division by zero, ensuring 

numerical stability. The hyperparameters 𝜷𝟏𝑎𝑛𝑑 𝜷𝟐 

control the decay rates for the first and second moments, 

allowing Adam to balance fast convergence with stable 

weight updates. 

 
E. Validation Method 

The next step of this study is Validation. This step should 

determine whether the proposed method performs effectively 

based on the previously processed datasets, including the 

13.059 images split into five classes: plastic, cardboard, 

paper, glass, and organic. 

1) A confusion matrix is a method in ML and DL that 

evaluates or measures the performance of the 

classification model, where the output can be two or more 

classes. The confusion matrix itself is a table that consists 

of 4 predicted and actual value combinations, and that is: 

TP: True Positive, FP: False Positive, FN: False Negative, 
TN: True Negative [26]. The dimensions of a table depend 

on the number of model classes it has. 

2) The Receiver Operating Characteristic (ROC) Curve is a 

graphical representation that shows how well a model can 

distinguish between two classes by varying the decision 
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threshold. A higher TPR (True Positive rate) and lower 

FPR (False Positive rate) indicate better performance, as 

the model effectively identifies true positives while 

minimizing false positives. In the case of multi-class 

classification, the ROC curve can still be utilized; it is 

approachable by computing each class individually using 

a one-vs-all approach. The ROC curve is an effective 

method to evaluate diagnostic test quality or performance. 
The under-the-curve area is a measurement of test 

accuracy. The value varies between 1 (excellent) and 0.5 

(failed), which means it fails to function as it should [26]. 

3) Area Under the Curve (AUC) is a metric used to evaluate 

the performance of the ML model; it represents the area 

under the ROC curve. AUC is usually used for binary 

classification, but AUC can still be used to compute each 

class individually using the one-vs-all approach. AUC 

ranges from 0 to 1, with higher values indicating better 

performance. An AUC of 0.5 means the model is random 

guessing, while an AUC of 1 indicates perfect 
classification [27]. 

 

III. RESULTS AND DISCUSSION 

A. Optimization Method Testing 

Training was conducted using other optimization methods 

to determine whether the suggested optimization method is 

suitable. The optimization method tested was an optimization 

method that has adaptive learning rate mechanisms such as 

Adam, RMSProp, and AdaGrad. Moreover, the testing uses a 

custom model that uses MobileNetV2 as a base layer. The 

training process for this testing was carried out in as many as 

10 epochs with a batch size of 32. The input size of images is 
256x256 with RGB color depth. The best results from testing 

each optimization method are compared with each other to 

determine the most suitable one. 

 
TABLE 2  

OPTIMIZATION TESTING 

Optimization Train 
Accuracy 

Train Loss Validation 
Accuracy 

Validation 
Loss 

RMSProp 0.8681 0.3559 0.8771 0.3546 

Adam 0.8636 0.3555 0.8874 0.3047 

AdaGrad 0.7974 0.5300 0.8541 0.3866 

 

Based on the provided results, Adam's optimization 

achieved slightly higher training accuracy (86.36%) 

compared to RMSprop (86.81%) and AdaGrad (79.74%). 
Additionally, Adam also exhibited lower training loss 

(0.3555) compared to RMSprop (0.3559) and AdaGrad 

(0.53). However, when evaluating validation performance, 

Adam outperformed the other optimizers with a validation 

accuracy of 88.74% and a validation loss of 0.3047. 

Therefore, based on these observations, Adam optimization 

may be the most suitable method among the tested optimizers 

for this model and dataset. 

B. Evaluation 

The evaluation process was conducted using the Adam 

optimizer, as it demonstrated better performance than 

RMSProp and AdaGrad during the optimization testing 

phase. The evaluation was performed on a dataset over 30 

epochs with a batch size of 32, using a customized 

MobileNetV2 architecture for a classification task with five 

labels. The results are presented below, including the model’s 

confusion matrix, model accuracy, loss metrics, precision 

metrics, recall metrics, ROC curve, and AUC metric. 
 

 
 

Figure 3 Confusion Matrix 

 

The confusion matrix evaluates the model's performance 

for waste classification, as shown in Figure 3. The model 

classifies organic waste (class 3) with high accuracy (832 

correct predictions), while misclassifications occur primarily 

between plastic (class 4) and glass (class 0) (51 instances) and 

between paper (class 2) and cardboard (class 1) (36 cases). 

These errors likely result from visual similarities between 

materials. While overall classification performance is 
satisfactory, further improvements, such as enhanced feature 

extraction and data augmentation, could reduce 

misclassification rates.  

 
 

Figure 4 Model Accuracy 

 

Moreover, Figure 4 presents the accuracy curve 
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illustrating the training and validation performance of the 

model over 30 epochs. The training accuracy steadily 

increases, reaching approximately 95%, while the validation 

accuracy improves rapidly in the initial epochs before 

stabilizing around 90%. The small gap between training and 

validation accuracy suggests that the model generalizes well, 

with minimal overfitting. However, slight fluctuations in 

validation accuracy indicate potential variations in model 

performance, which could be addressed through 
regularization techniques or additional data augmentation. 

 

 
Figure 5 Loss Metrics 

 

 
Figure 6 Precision Metrics 

 

The loss metric graph, as demonstrated in Figure 5, 

illustrates the model’s performance during training and 

validation over 30 epochs. Initially, training and validation 

losses start high (above 1.0) but decrease rapidly in the first 

few epochs, indicating effective learning. The training loss 

continues to decline steadily, reaching a low value (~0.2), 

while the validation loss stabilizes at approximately 0.4, 

suggesting the model generalizes well without severe 

overfitting. The small gap between the two curves implies 
balanced training. However, the slight increase in validation 

loss near the end may hint at minor overfitting, which could 

be addressed with techniques like early stopping or additional 

regularization. Figure 6 presents the precision metric graph 

and demonstrates the model's ability to correctly classify 

waste categories over 30 epochs. Starting at ~0.75, precision 

increases steadily and stabilizes near 0.95 by the final epochs, 

indicating significant improvement in the model classification 

accuracy. The consistent upward trend without significant 

fluctuations suggests stable learning, with the model 

becoming increasingly reliable at minimizing false positives. 
This high precision reflects the model's effectiveness in 

correctly identifying waste types, particularly for classes like 

glass and paper. However, lower precision for materials like 

cardboard reveals room for targeted refinement. 

Figure 7 shows the recall graph demonstrating the model 

improvement in detecting waste classes, rising from 0.6 to 0.9 

over 30 epochs. The steady climb indicates fewer false 

negatives, though early lower values, especially for materials 

like cardboard, highlight initial challenges. The high final 

recall confirms strong detection performance. 

 
Figure 7 Recall Metrics 

 

The ROC curve in this study, as presented in Figure 8 with 

AUC scores ranging from 0.88 (cardboard) to 0.98 (plastic), 

demonstrates intense class discrimination, particularly for 

glass and paper, which hug the top-left corner, indicating high 

accuracy with minimal false positives. Although most classes 

perform exceptionally well (AUC>0.9), the flatter curve for 

cardboard reveals classification challenges, most likely due to 
visual similarities with paper.  

Furthermore, the AUC metrics in this study show that the 

model achieved strong AUC scores (0.88–0.98), with plastic 

(0.98), glass (0.97), and paper (0.94) showing near-flawless 

classification, while cardboard (0.88) had slightly lower 

performance due to visual similarities with paper, as 

demonstrated in Figure 9. These results confirm the model's 

high accuracy for waste sorting but highlight cardboard as 

needing refinement—likely through enhanced training data or 

adjusted features. 
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Figure 8 ROC Curve 

 
 

 
 

Figure 9 AUC Metrics 

 

The model was evaluated using multiple metrics to ensure 

robust performance analysis. With an accuracy of 86.36%, 

precision of 87.44%, and recall of 85.87%, the MobileNetV2-

based classifier demonstrates strong capability in handling the 

five waste categories. The confusion matrix (Figure 3) further 

confirms consistent performance, with most classes showing 

highly accurate positive rates, although some confusion exists 

between visually similar materials, such as plastic and glass. 

The F1-score, calculated at 86.65%, highlights the model’s 

balanced trade-off between precision and recall. Additionally, 

the accuracy curve shows convergence and minimal 

overfitting, while the ROC curve and AUC metric (Figure 8 
and Figure 9) validate classification effectiveness across all 

thresholds. 
 

C. Validation 

The model was validated on 1,224 unseen test images 
across five waste categories, achieving strong performance 

metrics: 86.36% overall accuracy demonstrates reliable 

classification capability, while the 0.4796 loss value indicates 

minimal prediction errors. With 87.44% precision and 

85.87% recall, the model performs well in correctly 

identifying waste types (as precision) and capturing the most 

relevant cases (as the recall).  
 

TABLE 3  

VALIDATION TESTING 

Total Data 1224 

Accuracy 0.8636 

Loss 0.4796 

Precision 0.8744 

Recall 0.8587 

F-1 Score 0.8685 

 

The proposed MobileNetV2 model was evaluated against 
two benchmarks: the VGG-16 architecture [28] and 

traditional SVM-based methods [29]. MobileNetV2 achieved 

an 86.36% accuracy, slightly surpassing VGG-16’s 85.65% 

on the Real Waste dataset. While VGG-16 exhibited 

marginally higher precision (87.74% vs. MobileNetV2’s 

87.44%), MobileNetV2 demonstrated superior recall (85.87% 

vs. 84.82%) and a balanced F1-score (86.85% vs. 86.26%). 

These results highlight MobileNetV2’s ability to deliver 

comparable performance to deeper networks like VGG-16 

while maintaining computational efficiency, a critical 

advantage for real-world deployment. 
To contextualize these findings, we compared 

MobileNetV2 with SVM-based approaches. [29] achieved a 

maximum accuracy of 76.49% using SVM combined with a 

pyramid scene parsing network (PSPNet) segmentation and 

handcrafted features (color, texture, shape). In contrast, 

MobileNetV2’s 86.36% accuracy represents a 24.36% 

absolute improvement, underscoring the limitations of 

traditional methods reliant on manual feature engineering. 

SVM’s performance depended heavily on labor-intensive 

preprocessing (e.g., PSPNet segmentation for object isolation 

and GLCM texture extraction), whereas MobileNetV2 

autonomously learned discriminative features directly from 
raw, cluttered waste images. 

This disparity emphasizes the advantages of modern deep 

learning frameworks in handling real-world waste 

classification. MobileNetV2’s lightweight design efficiently 

captures complex patterns in degraded or overlapping 

materials, eliminating the need for error-prone segmentation 

steps. The results validate the shift toward end-to-end CNNs 

for scalable waste management systems, where accuracy, 

adaptability, and computational practicality are paramount. 

 

D. Discussion 
The Adam optimizer demonstrated superior performance 

over RMSProp and AdaGrad in optimizing the model, 

achieving higher overall accuracy (86%) and lower loss 

values, likely due to its adaptive learning rate mechanism, 

which efficiently navigates sparse gradients and noisy data 

common in waste classification tasks. Class-specific 

accuracies, however, revealed significant variability: glass 
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(97.92%) and paper (96.52%) achieved near-perfect 

classification, attributed to their distinct visual features (e.g., 

transparency, gloss, or uniform textures), while organic 

(87.45%) and plastic (81.92%) showed moderate 

performance, potentially due to for example deformed plastic 

bags vs rigid containers. Notably, cardboard (78.63%) lagged, 

a discrepancy likely rooted in class imbalance (fewer 

cardboard samples in the dataset) and visual ambiguities, for 

example, crumpled cardboard resembling wrinkled paper or 
degraded plastic. 

 

TABLE 5 

CLASS ACCURACY 

Class Name Accuracy 

Class 0: Glass 97.92% 

Class 1: Cardboard 78.63% 

Class 2: Paper 96.52% 

Class 3: Organic 87.45% 

Class 4: Plastic 81.92% 
 

The model’s performance varied across classes, with 

cardboard achieving the lowest accuracy (78.63%), likely due 

to its underrepresentation in the dataset and visual similarities 

to paper. In contrast, classes with balanced representation and 

distinct features, such as glass, benefited from more apparent 

feature separation. These disparities highlight the impact of 
class imbalance and intra-class diversity on classification 

robustness, suggesting targeted augmentation or 

oversampling for minority classes in future work. Regardless 

of employing data augmentation to mitigate these issues, the 

model struggled to disentangle subtle feature overlaps, as 

evidenced by the ROC curve analysis. While ROC scores for 

most classes confirmed strong class separation, cardboard’s 

lower performance suggests persistent challenges 

distinguishing it from visually similar categories. 
 

IV. CONCLUSION 

This study utilizes the Convolutional Neural Network 

(CNN) algorithm for efficient multi-class waste classification. 

Our TensorFlow-based model employs the MobileNetV2 

architecture and Adam optimizer, achieving a training 

accuracy of 95.28% with a validation accuracy of 89.48%. 
The model demonstrates high precision (95.18%) and recall 

(94.00%), validating its ability to distinguish between 

different waste categories. ROC curve analysis indicates 

variable performance across waste types, with glass achieving 

the highest accuracy (97.92%) and cardboard the lowest 

(78.63%), suggesting areas for further refinement. On unseen 

data comprising 1,224 images, the model maintains strong 

generalization with an accuracy of 86.36%, a loss of 0.4796, 

a precision of 0.8744, and a recall of 0.8587. 

 Beyond performance metrics, this model is suitable for 

integration into real-world systems. For instance, it could be 

deployed on edge computing devices like Raspberry Pi or 
Jetson Nano for IoT-enabled smart bins, enabling real-time, 

automated waste sorting in households or public spaces. 

Alternatively, the model could be embedded within an 

Android application to assist users in categorizing waste via 

their smartphone camera. Furthermore, its lightweight 

architecture makes it compatible with conveyor belt-based 

automated sorting systems in industrial waste management 

facilities. Future work will explore object detection 

techniques for waste localization and evaluate alternative 

CNN architectures to enhance system robustness and 

deployment readiness. 
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