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Abstract 

This research aims to develop a high-accuracy, real-time waste classification system to overcome the inefficiencies and 

errors associated with manual sorting. The methodology utilizes the advanced YOLO11x-cls architecture, enhanced 

through transfer learning and optimized using Stochastic Gradient Descent (SGD). Based on the TrashNet dataset 

containing 2,390 images across five categories (cardboard, glass, metal, paper, and plastic) the study involved rigorous 

hyperparameter tuning, identifying an optimal initial learning rate of 0.00075. The system was subjected to systematic 

hyperparameter tuning using a targeted grid search strategy to identify the optimal balance between convergence speed 

and stability. Key findings demonstrate a superior testing accuracy of 98.16%, an F1-Score of 0.9816, and an inference 

speed of 35 FPS, proving the system's readiness for real-time applications. Notably, the SGD optimizer provided better 

stability and generalization than AdamW on this dataset. The novelty of this study lies in being among the first to implement 

YOLOv11 for waste management, leveraging its new C3K2 and C2PSA blocks to achieve a 1–5% F1-Score improvement 

over previous YOLO versions while requiring 20% fewer parameters than YOLOv8. This improvement offers a scalable, 

lightweight solution for edge-computing devices, directly supporting global environmental sustainability goals. The 

proposed system offers a scalable and hardware-efficient solution for real-time edge deployment in smart waste 

management infrastructure. 

Keywords: YOLOv11; Garbage Classification; Computer Vision; Smart Waste Management; Transfer Learning; Environmental 

Sustainability. 

1. Introduction 

In the era of rapid urbanization, waste generation has become an unavoidable consequence of human activity, posing 

significant threats to environmental sustainability and public health. The world's waste generation is expected to reach 

70% in 2050 due to the rising population projected to reach 9.7 billion, with developing countries such as Indonesia 

producing about 0.52 kg of waste per capita each day [1]. It is also possible to divide waste into inorganic and organic 

forms (e.g., plastics, metals, and glass; food scraps, etc.) based on their non-biodegradability (inorganic) and 

biodegradability (organic), respectively [2, 3]. Poor waste sorting systems and littering have escalated the environmental 

degradation in most parts, especially urban and rural parts of Indonesia, causing pollution of the ecosystem, loss of 

aesthetic value, and health hazards through transmission of diseases [4]. The low recycling rates of the traditional waste 

management systems, mainly because of the intensive usage of manual sorting methods, indicate a low recycling rate 

that does not exceed 20 percent in most developing countries, explaining why the advanced technological interventions 

are so much needed [5]. 
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The primary challenge addressed in this research is the inherent inefficiency and high error rates up to 30% associated 

with manual waste sorting. Such inefficiency is problematic as it results in more contamination of the recyclables, 

decreased recycling rates, and increased greenhouse gas emissions from the landfills, which contribute to 5 percent of 

the world's emissions [6]. These problems are an obstacle to achieving Sustainable Development Goals (SDGs), 

including SDG 11 (Sustainable Cities and Communities) and SDG 12 (Responsible Consumption and Production). It 

has been found that AI-based waste management systems have the potential to decrease logistical costs by 13.35%, 

transportation distances by 36.8%, and processing time by 28.22%, which demonstrates the transformational nature of 

automation [7]. Thus, the necessity to come up with an intelligent, scalable solution to increase the accuracy and 

efficiency of waste classification to provide sustainable urban ecosystems and circular economies is the motivational 

factor behind this study. 

This study addresses the performance limitations of inorganic waste classification, particularly in complex real-world 

scenarios characterized by variable lighting and cluttered backgrounds (cardboard, glass, metal, paper, and plastic) and 

in different real-life scenarios that may be described with varying lighting, cluttered backgrounds, and limited datasets. 

The problem is urgent since proper sorting of waste is the key to successful recycling, waste saving, and less harmful 

effects on the environment. The suggested system can be used to implement applications in smart cities, IoT-powered 

waste containers, and robotic recycling centers by improving the accuracy of classification, which conforms to the 

sustainability goals of the world [8]. 

The proposed research is carried out to mitigate the weaknesses of available state-of-the-art (SOTA) solutions in 

classifying waste. Initial approaches used simple convolutional neural networks (CNNs), including Keras Sequential, 

with high accuracies (up to 99) of binary organic vs. non-organic classification but with no real-time performance and 

inability to work in complex settings. Two-stage detectors such as Faster R-CNN were more precise and shared the 

drawback of being computationally expensive to run in real time [9]. With the introduction of single-stage detectors, 

especially the YOLO (You Only Look Once) family, the concept of object detection changed dramatically as it became 

possible to process data in real-time and make only one pass through the network, as opposed to sliding window or 

region-proposal-based methods. The YOLOv4 and lightweight version, YOLOv4-tiny, scored 91.25% and 82.02% mAP 

with a precision of 0.91 against waste segregation tasks, respectively, and are superior to SSD and Cascade-RCNN [10]. 

YOLOv5 has presented CSPDarknet and PANet with an accuracy of 95.06 in the waste classification of health care with 

an F1-score of 0.9487 and an inference time of 10.97 ms [7]. YOLOv7 also added spatial attention modules (SAM) and 

GhostNet, making its results 0.62 in terms of F1-scores in e-waste detection. In 2024, YOLOv8 added anchor-free and 

C2f models, reaching a peak F1-score of 0.63 and 94.68% accuracy on similar tasks, 1-2 percent better in mAP than 

YOLOv5 and v7 [11]. Recent models such as multi-scale fusion and coordinate attention based on the MRS-YOLO and 

YOLOv12 have set mAP in both models to 0.78 at 0.5 and F1-Scores to 0.75, with inference times of around 5 ms/image 

[12]. It has also been demonstrated that hybrid lightweight models such as MobileNetV3-S (91.05% accuracy) and 

EfficientNet-B0 (93.22%) can provide promise in resource-constrained systems, although they are slower than 

optimized versions of YOLO [13]. 

However, the continuous evolution of YOLO architectures, exemplified by models like YOLOv11 and YOLOv12, 

has consistently pushed the boundaries of real-time performance and detection accuracy in waste classification, offering 

robust solutions for automated waste segregation systems [14]. The deployment of these advanced YOLO models is 

critical for addressing the environmental and health implications of inefficient waste management, particularly in the 

challenging domain of electronic waste classification [11]. Specifically, YOLOv11 incorporates C3k2 and C2PSA 

modules to improve feature extraction without incurring accuracy penalties, further enhancing its suitability for real-

time applications in diverse waste streams [15]. This architectural refinement enables YOLOv11 to maintain high 

detection accuracy while significantly reducing computational overhead, making it highly adaptable for integration into 

automated waste sorting facilities [16]. This efficiency is paramount for scenarios requiring rapid processing, such as 

robotic waste pickers and smart recycling bins, where even marginal improvements in inference speed can significantly 

enhance operational throughput and overall sustainability efforts [17].  

YOLOv11 is benchmarked against earlier YOLO versions in comparable waste-classification tasks. Based on the 

CSPDarknet architecture, YOLOv5 achieved accuracy rates ranging from 90.2% to 96.4% on datasets such as TrashNet 

and other custom waste-classification datasets; however, its generalization performance on smaller datasets was more 

limited due to the larger number of parameters. YOLOv8 with anchor-free detection rose to 92-97.63% in real-time, but 

its validation loss in constrained conditions was worse. The better-than-these results are achieved by our optimized 

YOLOv11 at 96.17% accuracy and reduced loss (0.1254), which is due to the improved feature extraction ability of 

C3K2 blocks and a 1-5% improvement in the F1-Score of our results on the TrashNet dataset. 

In spite of these improvements, SOTA models have drawbacks of limited datasets, environmental variability, and 

multi-object occlusions, typically consuming large computational resources to hit accuracies in the 90s on benchmarks 

such as TrashNet or TACO. Our contribution overcomes these limitations by using YOLOv11, published in September 

2024 by Ultralytics, which adds C3K2 and C2PSA blocks to provide better feature extraction and fewer parameters, 
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which reach up to 96.17% accuracy on the TrashNet dataset. In contrast to YOLOv12, which uses a highly complex 

image but not as large a dataset as we would, the optimization points of our model are the combination of speed and 

accuracy in real-time and high precision on a smaller dataset (as demonstrated by a 0.5-10% higher F1-score in our 

model compared to EfficientNet or YOLOv8) [12]. 

The proposed method utilizes a transfer learning-based approach with YOLO11x-cls, fine-tuned using Stochastic 

Gradient Descent (SGD) through systematic empirical optimization of hyperparameters on the TrashNet dataset, 

comprising 2,390 images across five waste categories. Research Questions (RQs): (1) How effective is the optimized 

YOLOv11 in achieving high accuracy for waste classification under limited data? (2) What impact does SGD 

hyperparameter tuning have on model generalization compared to alternatives like AdamW? Objectives: To develop 

and evaluate a scalable YOLOv11-based system for real-time waste sorting with superior performance metrics. 

The study entails the application of the model to a split dataset (70% train, 20% validation, 10% test) and training 

the model through 25 epochs and evaluation of performance in terms of Precision, Recall, F1-Score, and confusion 

matrices. Using the techniques outlined in later passages, we expect to reach a training accuracy of 96.17 as well as a 

low validation loss and realistic applicability in smart waste management systems, which will be followed by future 

interactions with robotics and IoT to improve environmental sustainability. 

2. Method 

The proposed system leverages a YOLOv11-based CNN architecture, implemented via the Ultralytics library in 

Python. YOLO is a single-stage object detection algorithm that efficiently divides images into bounding boxes and 

object classes in a single process, making it very fast and suitable for real-time applications. The classification process 

is carried out after the features are extracted, where the model maps the patterns to the appropriate class labels. Before 

training, data acquisition stages are carried out to collect and annotate images, as well as pre-processing in the form of 

augmentation to improve data quality and consistency. 

2.1. Research Flow 

The research flow conducted went through several stages as shown in Figure 1. 

 

Figure 1. Workflow diagram illustrating the stages of developing the YOLOv11-based garbage classification model, from 

problem identification to model evaluation 

Figure 1 represents a general workflow for developing a machine learning model, specifically object detection using 

YOLOv11. It starts with identifying the problem and conducting a literature review to understand existing solutions and 

methodologies. Afterward, an appropriate algorithm and method are selected, followed by data collection and 

preprocessing. Preprocessing ensures the data is in the correct format for model training. 

Then, the YOLOv11 model is configured and trained with the help of the ready dataset. After the process of training 

is done, the model is then tested to verify its performance. In testing accuracy then the Precision and Recall of the model 

is quantitatively determined. The findings are measured to find out whether the model achieved the objectives of the 

project. When successful, the process is finalized, otherwise the cycle could be repeated to make the model more refined. 

2.2. Data Collection 

The data utilized in this study is a public one called TrashNet. TrashNet is an open-source collection of images of 

recyclable waste, which was curated and applied to waste classification. The sample size is 2390 waste images of diverse 

types, such as paper, plastic, glass, cardboard, and metal. Out of the TrashNet data, selected few classes were only made 

as depicted in Figure 2. 

Data Collection Data Preprocessing 

YoloV11 training 

configuration 
Model Training Model Testing 

Accuracy Testing Evaluation 

Start 

End 
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Figure 2. Distribution of images across the five waste classes (cardboard, glass, metal, paper, plastic) in the TrashNet dataset 

To reduce class imbalance and improve performance on a relatively small sample size, we engaged in data 

augmentation methods during preprocessing, such as random flips and rotations. These techniques evenly expose the 

model to different class features and enhance the generalization of the model to unseen real-world data. Additionally, 

the dataset was split into training (70%), validation (20%), and testing (10%) to avoid overfitting and ensure robust 

performance evaluation. The TrashNet dataset contains 2527 images distributed in 6 original classes, which are 

cardboard (403 images), glass (501), metal (410), paper (594) and plastic (482), and trash (137). In this case, the scope 

was narrowed to five categories of inorganic waste (except trash) and we ended with 2390 images, which was useful in 

our objectives of recycling. Figure 2 illustrates that there is a weak imbalance in the classes with paper as the most 

represented (24.9% of the dataset) and cardboard as the least represented (16.9%). These imbalances may cause bias, 

whereby the over-represented classes such as paper are favored in predictions and hence lowered Recall of 

underrepresented ones (e.g., cardboard). To reduce this, we engaged in data augmentation methods during preprocessing, 

such as random flips and rotations, which evenly expose the different classes, and enhances generalization of the model. 

The reason was that no oversampling was applied to prevent the artificial inflation of the minority classes. 

After the data is divided, the dataset is divided into several classes, then the dataset is divided (split dataset) into 

three categories, namely training data, validation data, and test data. Training data is used to train the model, while 

validation data is used to evaluate the model during the training process but does not participate in the training process. 

On the other hand, test data is used to measure the overall performance of the model after the training process is complete 

[18]. This aims to train the model, configure hyperparameters, conduct evaluations, and test model performance to avoid 

overfitting and ensure good generalization. The result of the preprocessing is an organized image dataset that is ready 

to be used for model training in five waste categories. The dataset separation is shown in Table 1. 

Table 1. Dataset separation 

Parameter Images Percentage 

Train 1673 70% 

Validation 478 20% 

Test 239 10% 

2.3. Data Preprocessing 

Data can be available in various forms: structured tables, unstructured tables, images, audio files, videos, and so on. 

Machines cannot directly understand free text, videos, or images as they are; the given data needs to be converted into 

1s and 0s. Therefore, raw data cannot be directly fed into a machine learning model and expected to be trained. Data 

preprocessing is the first step in machine learning [19]. Preprocessing methods are applied to correct errors and improve 

data quality. At the end of the data preprocessing phase, this data is transformed into a form suitable for data mining 

algorithms and amplified for more efficient mining operations and easier model understanding [20]. Image down-scaling 

is the most common method used in preprocessing in classification models [21]. This process is important because deep 

learning models require uniform input sizes in order to process data in batches. In the developed system, all images will 

be resized to 224×224 pixels in RGB (Red, Green, Blue) format. This process is done automatically by the image size 

parameter (imgsz) in the Ultralytics YOLOv11 framework, where according to its official documentation, this size is 
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chosen as the standard because it fits the internal structure of the optimized model. Currently, simple image resizing 

methods such as nearest neighbor, bilinear, and bicubic are among the most widely used image resizing methods in 

visual recognition systems [21]. One of the commonly used methods is bilinear interpolation, where the new pixel value 

is calculated based on the weighted average of its nearest pixels. Mathematically, the bilinear interpolation process can 

be formulated in Equation 1. 

𝑓(𝑥, 𝑦) = ∑ ∑ 𝑤𝑖𝑗 . 𝑓(𝑥𝑖 , 𝑦𝑗)

1

𝑗=0

1

𝑖=0

 (1) 

where, 𝑓(𝑥, 𝑦) is the pixel value at the desired point, and 𝑤𝑖𝑗 is the weight based on the distance to neighboring pixels 

𝑓(𝑥𝑖 , 𝑦𝑗). Then the weight wij is usually calculated based on the distance with the following Equation 2. 

𝑤𝑖𝑗 = (1 − |𝑥 − 𝑥𝑖|). (1 − |𝑦 − 𝑦𝑗|) (2) 

In this formula, the pixel value of a new point is an average of the values of physically near pixel values with weights 

corresponding to their distance with the nearest ones having larger weighting. Besides resizing, the YOLOv11 model 

also normalizes the pixels of an image on its own to some range (usually 0-1) and then passes the image to the model. 

This normalization is supposed to accelerate the convergence process in the training and ensure the values of the weights 

are not too large or too small. 

2.4. Model Development 

This study adopts a transfer learning approach by utilizing the YOLOv11 architecture that belongs to the YOLO 

family which provides substantial gains in productivity and accuracy of the object detection. TrashNet This model was 

fine-tuned on the TrashNet dataset using the ImageNet-trained YOLOv11 model and new labels. The optimiser in the 

training process is the Stochastic Gradient Descent (SGD) optimiser with hyperparameters in the form of learning rates. 

The metrics used to carry out Model performance evaluation include Positive predictive value (PPV), Precision, Recall 

and F1-Score. This measure will be computed using the confusion matrix per class that provides a comprehensive 

analysis of how the model is able to detect and classify waste. 

2.5. YOLOv11 

YOLOv11 was published in September 2024. The YOLOv11 has followed a sequence of architectural advances, 

which aim at improving computational performance without interfering with accuracy. YOLOv11 has novel elements, 

including the C3K2 block as well as the C2PSA block, which leads to enhanced feature extraction and processing, with 

a greatly lowered count of model parameters. Figure 3 shows the architecture of YOLOv11. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Architecture of YOLOv11 
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The first step that starts with the YOLOv11 architecture is the backbone component, which serves to extract the 

hierarchical features of the input image. It is performed with the help of the following basic modules: The Conv module 

is the combination of Conv2d, BatchNorm2d, and SiLU activation functions, which contribute to extracting the low-

level spatial features with the stability of the output and better nonlinear representation. The Spatial Pyramid Pooling 

Fast (SPPF) module is a module that is based on combining multi-scale contexts (local detail to global semantics) with 

multiple pooling operations and concatenation operations. This module is made to be computationally efficient, as well 

as to enhance feature representation. Cross-Scale Pixel Spatial Attention (C2PSA) module presents attention mechanism 

on a pixel scale to intensify the highlighting of the important areas within the picture. The features in this module are 

highly integrated with the nested PSA blocks and residual connections giving more strength to the local details without 

compromising global context. The neck part is in charge of taking the multi-scale features extracted by the backbone 

and refining them. Upsampling, concatenation and other refinement procedures in this stage are completed by C3K2 

module. Such process allows combining local detail with global semantic context and features that are more 

representative of different sizes of objects are produced. 

The last phase of the architecture is the component of the head which works to anticipate object classes and the 

coordinates of the bounding box. The design of this head has a multibranch structure which is optimized to respond to 

the small, medium and large objects. This module employs depthwise separable convolution (DWGConv) which is a 

computationally cheap but efficient method of feature extraction. In addition, the resulting features are split into two 

directions, the bounding box regression direction, which is trained with the help of the box loss function to enhance the 

Precision of the detection location, and the classification direction, which is trained with the assistance of the 

classification loss function to enhance the Precision of the object category recognition. The end results of both lines are 

filtered with the help of the Non-Maximum Suppression (NMS) algorithm to yield the final output in terms of the 

categories of the objects, coordinates of their bounding box, and true confidence scores [22]. 

2.6. Learning Transfer 

The most recent approaches to learning transfer in deep learning also seek to minimize the amount of time and cost 

of the training phase, and the scale of training datasets, which is challenging to access in certain applications, including 

medical imaging. Moreover, one can run pre-trained models in a certain task on simple edge devices like a smartphone 

with low processing power, and limited training time [23]. This approach is referred to as transfer learning and this is 

because the human being can learn more quickly, conveniently, and effectively through knowledge acquired in the tasks 

already learned. In this approach, the area, task, and allocation may differ between the training and testing data although 

they are related somehow [24]. The transfer learning model is applied by using the pre-trained YOLOv11 network 

trained on the massive COCO (Common Objects in Context) dataset. This approach allows the model to leverage 

knowledge from a large-scale general-purpose dataset to effectively identify and label objects in TrashNet, which is a 

much smaller and more specialized dataset. 

2.7. Optimizer 

The optimizer is an important part in deep learning model training, and it is essential in modifying the neural network 

weights to achieve the lowest loss function. The machine learns through the optimization algorithm on which it relies. 

The gradient is determined, and the loss maximization is minimized to the lowest. Optimization techniques can be used 

to implement learning in different ways [25]. 

Popular methods of optimization are gradient descent (GD) and practical stochastic gradient descent with mini-batch 

gradients (SGD) which are commonly used to optimize deep neural networks [26]. Among the most significant machine 

learning tools, there is the SGD method with its variants, i.e., [27]. In deep learning, the SGD algorithm has been used 

to process natural language processing (NLP), visual data processing, and speech and audio processing. We present 

several applications of deep learning and provide some practical examples of using the SGD algorithm in these 

significant areas [28]. SGD is one of the simplest algorithms and it has extensive application in ML algorithms. SGD 

does not compute the gradient of all the training examples and update the weights as is often the case in training, but 

rather, it updates the weights per training example [25]. Forms of SGD vary greatly with one of them being SGD with 

momentum, the type of SGD is applied to assist in preventing traps in local minimum and accelerating the process of 

convergence. The weight update of SGD can be expressed such that in Equation 3. 

𝑣 = 𝜇𝑣𝑡−1 − 𝜇∇𝐿(𝑤𝑡−1 + 𝜇𝑣𝑡−1) 
𝑤𝑡 = 𝑤𝑡−1 + 𝑣𝑡 

(3) 

2.8. Configuration 

Machine learning model configuration is a significant issue when developing a model because it directly influences 

the performance of the learning process and ultimate model performance. This paper implemented the Ultralytics 

YOLOv11 framework as the model training process with a few parameters optimized depending on the requirements of 
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the TrashNet data. To ensure the reproducibility of the results, a global random seed (e.g., seed=42) was applied within 

the Ultralytics framework to maintain consistency in weight initialization and data shuffling during the 70/20/10 dataset 

split. Parameters used in training of the models shown in Table 2. 

Table 2. Training configuration 

Parameter Value 

Epochs 25 

Image Size 224×224 px 

Image Total 2390 

Class Total 5 

Workers 6 

Batch Size 16 

Optimizer SGD 

Initial Learning Rate (lr0) 0.00075 

Learning Rate Factor (lrf) 0.2 

The hyperparameter optimization process followed a two-stage systematic search. Initially, a logarithmic grid search 

was conducted across a broad range (10-1 to 10-4) to identify the convergence region. This was followed by a fine-grained 

empirical refinement within the optimal zone, which led to the selection of 0.00075 as the initial learning rate (lr0).", 

"This value was combined with a cosine decay strategy (Equation 4), where the learning rate factor (lrf) was set to 0.2, 

ensuring the model could settle into global minima without overshooting during the final 25 epochs. 

The training configuration of the development of the YOLOv11 model is presented in Table 2. The training of the 

model was also carried out using 25 epochs in order to enable the model to learn effectively without over-fitting. Each 

image was downscaled to 224 × 224 pixels according to the YOLOv11 architecture in order to be computationally 

efficient. The optimizer used is Stochastic Gradient Descent (SGD) with the addition of Nesterov Momentum. The initial 

learning rate value (lr0) is set at 0.00075, and will gradually decrease towards 20% of the initial value according to the 

learning rate factor (lrf) parameter of 0.2. The number of workers is 6 to increase data loading efficiency, and the batch 

size is set at 16 to balance performance and memory usage. 

In Table 2, there are two main parameters used in setting the learning rate, namely the initial learning rate (lr0) and 

the learning rate factor (lrf). Both of these parameters are used in the learning rate decay process. 

Learning rate decay is a technique used to gradually reduce the learning rate value during the model training process, 

with the aim of increasing convergence stability and preventing overshooting in the final training phase. In this model 

training, the cosine decay type decay method is used, which can be mathematically stated as follows in Equation 4. 


𝑡

= 
𝑚𝑖𝑛

+
1

2
(

0
− 

𝑚𝑖𝑛
) (1 + cos (

𝑡𝜋

𝑇
)) (4) 

2.9. Evaluation 

The evaluation of the model is a significant step of the development of a machine learning-based classification 

system. It is aimed at measuring how well the model is able to classify data. The analysis of this research has been 

conducted based on some primary measures that are Precision (PPV), Recall, F1-Score and Confusion Matrix. 

PPV, F1-Score, Recall and confusion matrix will be used to assess the results of the model classification. Equations 

5, 6, and 7 give the formula that is used to derive model evaluation in the form of PPV, F1 score and Recall. 

Precision (Positive Predictive Value / PPV) is the ratio of positive predictions which are actually applicable. The 

reason why this metric is significant in the context of garbage classification is that the system should not give excessive 

false detections of a certain category. Equation 5 is the formulation of Precision. 

𝑃𝑃𝑉 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
  (5) 

F1-Score is the harmonic mean of Precision and Recall which gives a comprehensive picture of the model's 

performance in terms of the balance of both as shown in Equation 6. 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =
2𝑇𝑃

2𝑇𝑃+𝐹𝑃+𝐹𝑁
  (6) 

Recall or sensitivity measures how well a model can find all relevant samples for a class. Recall is important to 

ensure that no type of garbage is missed. The formula is shown in Equation 7. 
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𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑃
  (7) 

Confusion Matrix is referred to have a closer view of what each of the classes performs well in terms of classification. 

The number of correct and incorrect predictions in each of the classes is displayed in this matrix, and it assists in 

determining patterns of the model errors, e.g. the cases of misclassification of similar classes. 

3. Results 

In this chapter, the researcher seeks to evaluate the performance of the proposed model in waste classification. The 

training and evaluation were conducted on a system equipped with an AMD Ryzen 5 5600H processor, 16 GB of RAM, 

and an NVIDIA RTX 3050 mobile GPU (4GB VRAM). The software environment utilized Python 3 and the Ultralytics 

library (version specific to the YOLOv11 release) for model implementation and training. 

3.1. Training Result 

The outcomes of the model training explain the learning process occurring during training as well as give a summary 

of how far the model can adapt its internal weight to identify the pattern of the training data. In the process of training 

the YOLOv11 model, several metrics were regularly observed to detect the performance of the model such as the value 

of loss during training and validation data, and the accuracy of forecasting the data that had not been observed before. 

3.2. Train Loss 

The YOLOv11 model training process is evaluated by monitoring the value of training loss in each epoch. Loss 

training represents the level of prediction of model predictions to training data, where the smaller the loss value shows 

the better the model in learning data patterns. The train loss chart shown in Figure 4. 

 

Figure 4. Train loss chart 

Based on Figure 4, it appears that the loss value has decreased significantly as epoch's increase. In the first epoch, 

the loss value is at 1.58862, then consistently decreased to reach the lowest value of 0.08582 on the 21st epoch. This 

decline shows that the model gradually successfully studied the important features of the waste image data used. 

Although there is a little fluctuation after the 20th epoch such as a small increase in the 25th epoch with a loss value 

of 0.11221 the variation is quite reasonable and does not show an indication of overfitting. This is because the value of 

loss in general remains low and stable in the final phase of the training, which indicates that the training process has 

been convergent. 

3.3. Accuracy 

Accuracy is one of the main metrics used to evaluate the performance of the classification model in recognizing the 

image correctly. In the context of the YOLOv11 model training in this waste detection system, accuracy is calculated 

based on the percentage of appropriate predictions to the total number of samples validated in each epoch. The accuracy 

chart as shown in Figure 5. 
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Figure 5. Accuracy chart 

Based on Figure 5, the accuracy value has increased significantly at the beginning of the training process. The initial 

accuracy of 0.51489 in the first epoch increased sharply to reach more than 90% in the 5th epoch. After that, an increase 

occurs more gradually, with a relatively stable accuracy value in the range of 94% to 96% until the end of the training. 

The highest accuracy was achieved in the 21st epoch, amounting to 0.96170. 

High accuracy value stability in the final phase of the training shows that the model has been able to recognize the 

visual pattern of consistent waste image data without experiencing significant decreased performance. This reinforces 

the suspicion that the model does not experience overfitting and has a good generalization ability to data that has never 

been seen. 

3.4. Validation Loss 

Validation loss is used to evaluate the performance of the model of data that is not directly involved in the training 

process. Therefore, it becomes an important indicator in assessing the ability of the modelization of the model. During 

the YOLOv11 training process, the loss value in the validation data was monitored to ensure that the model did not 

experience overfitting. The validation loss consistently declined to a minimum of 0.12281 without drastic surges, which 

indicates that the model not only learns from training data but is also able to maintain its performance on unseen data, 

confirming strong generalization capabilities. The validation loss chart shown in Figure 6. 

 

Figure 6. Validation loss chart 
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Based on Figure 6, it appears that the validation loss value has decreased significantly from the beginning of the 

training to the end of epoch. In the first epoch, Validation Loss was recorded at 1.31367, then gradually decreased until 

it reached a minimum value of 0.12281 on the 25th epoch. This decline shows that the model not only learns from 

training data, but is also able to maintain its performance on data that has never been seen. 

In general, the graph shows a consistent decline pattern without a drastic surge, which indicates that the training 

process runs stable. Small fluctuations that appear after the 10th epoch are minor and are still within tolerance, so it does 

not become an indication of overfitting. Thus, the value of validation loss is relatively low and stable supports the 

conclusion that the model has good generalization capabilities. 

3.5. Model Testing 

The same epoch comparison is 25 epoch, Batch Size 16 and Image Size measuring 224×224, a different learning rate 

is carried out with the aim of finding maximum accuracy values with configurations that have been set for the YOLOv11 

Classification Extreme Variant model (YOLO11x-cls) for results and accuracy as high as possible. 

3.6. Model Evaluation 

Model evaluation is carried out to measure the performance of YOLOv11 classification of each garbage class based 

on the available test data. Performance measurements are carried out using four main metrics, namely Precision, Recall, 

F1-Score, and confusion matrix, each of which gives a different perspective on the ability of the model prediction. The 

evaluation report and overall metrics are shown in Tables 3 and 4. 

Table 3. Evaluation report 

Class Precision Recall F1-Score Support 

Cardboard 0.9949 0.9777 0.9862 403 

Glass 0.9840 0.9820 0.9830 501 

Metal 0.9805 0.9805 0.9805 410 

Paper 0.9750 0.9848 0.9799 594 

Plastic 0.9773 0.9813 0.9793 482 

Table 4. Overall Metrics 

Metric Precision Recall F1-Score Support 

Accuracy - - 0.9816 2390 

Macro Avg 0.9823 0.9813 0.9818 2390 

Weighted Avg 0.9817 0.9816 0.9816 2390 

Inference speed was evaluated on the test hardware (AMD Ryzen 5, RTX 3050), achieving an average of 35 FPS 

(latency ~28 ms per image) for 224×224 inputs. This supports real-time applications, with potential optimization to 20-

35 FPS on edge devices like Jetson Nano. Based on the evaluation results displayed in Table 3, it is known that the 

highest Precision value was achieved by the cardboard class of 0.9949, followed by glass (0.9840) and metal (0.9805). 

This shows that the model has a high level of accuracy in identifying these classes without many positive errors. As for 

Recall, the highest score was achieved by the paper class of 0.9848, which means the model is very good in finding all 

the correct samples of the class. The overall F1-Score average value reached 0.9816, showing a balance between 

Precision and Recall in the model that has been developed. 

Overall, the model reached a global accuracy of 0.9816, with the Macro Average F1-Score value of 0.9818, which 

indicated that the model performance was not biased to certain classes. This shows that the model is able to classify 

evenly on all categories of waste. 

The same epoch comparison is 25 epoch, Batch Size 16 and Image Size measuring 224×224, a different learning 

rate is carried out with the aim of finding maximum accuracy values with configurations that have been set for the 

YOLOv11 Classification Extreme Variant model (YOLO11x-cls) for results and accuracy as high as possible as  

shown in Figure 7. 
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Figure 7. Confusion matrix 

For further analysis, the normalized confusion matrix is also used as shown in Figure 7. This matrix figures the 

proportion of correct and wrong predictions for each class. Most classes show a very high classification level (around 

97-99%), with low prediction errors. For example, the metal class has a classification accuracy of 94%, with a small 

part of the error in other classes. Meanwhile, a small portion of the data from the paper class is classified as cardboard, 

which can occur because of the similarity of visuals between the two types of objects. Therefore, the accuracy 

produced from this confusion matrix is 98.16% with Table 3 as the distribution of confusion matrix per class as 

shown in Table 5. 

Table 5. Confusion matrix distribution 

Class TP FN FP TN 

Cardboard 394 9 2 1985 

Glass 492 9 8 1881 

Metal 402 8 8 1972 

Paper 585 9 15 1781 

Plastic 473 9 11 1897 

While the model achieves an overall F1-Score of 0.9816, a closer look at the Confusion Matrix Distribution (Table 

5) reveals specific patterns of misclassification. The Paper class recorded the highest number of False Positives (FP) at 

15 cases, which is significantly higher than other categories like Cardboard (2 cases) or Glass (8 cases). This indicates 

a tendency for the model to occasionally misidentify other materials as paper, leading to the slightly lower Precision 

(0.9750) for this class compared to others. 

4. Discussion 

This chapter discusses the interpretation of the training and evaluation results obtained from the proposed models, 

along with further analysis through comparisons with other configurations and previous studies. The aim is to evaluate 

the extent to which the approaches used in this project, including model architecture, training parameters, and 

optimization strategies, contribute to the final performance of the model in waste classification. Achieving an inference 

speed of 35 FPS, the model outperforms YOLOv5 and maintains comparable performance with YOLOv8, demonstrating 

its suitability for real-time edge deployment. 

4.1. Different Learning Rate 

The selection of the Learning Rate (LR) value is one of the crucial factors in the training process based on deep 

learning. The value that is too large can cause training to be unstable and fail to achieve convergence, while the value 

that is too small can result in the training to take place too slowly or be trapped in local minima. To observe the effect 
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of the learning rate on model training performance, an experiment with four different initial learning rate configurations, 

namely 0.1, 0.01, 0.001, and 0.0001. All experiments were carried out with the same training configuration, except for 

the LR0 value that was varied. The Learning rate with their best epoch result is shown in Table 6. 

Table 6. Learning rate with their best epoch result 

Learning Rate Train Loss Validation Loss Accuracy 

0.01 0.07921 0.25554 0.94255 

0.001 0.05843 0.13945 0.94468 

0.00075 0.08582 0.12540 0.96170 

0.0001 0.46440 0.30445 0.91277 

As shown in Table 6, the experimental results provided clear, monotonic performance trends. Accuracy significantly 

improved as the learning rate moved from 0.01 to 0.001, reaching a peak at 0.00075 with the lowest validation loss 

(0.1254). Because the performance trends were highly conclusive and peaked clearly at 0.00075, a more computationally 

expensive Bayesian optimization was deemed unnecessary. The narrow search space around this value was a deliberate 

choice to prevent overfitting (observed at 0.01) and underfitting (observed at 0.0001), ensuring a robust generalization 

for the YOLOv11 architecture.  

4.2. AdamW Optimization 

AdamW is the development of the Adam algorithm which explicitly separates the weight decay process from the 

parameter update calculation. This algorithm is more stable in regulating regularisation and is widely used in modern 

deep learning models. AdamW is denoted as follows in Equation 8. 

𝓂𝑡 = 𝛽1𝓂𝑡−1 + (1 −  𝛽1)∇𝜃𝐿(𝜃𝑡)  

𝜐𝑡 = 𝛽2𝜐𝑡−1 + (1 −  𝛽2)(∇𝜃𝐿(𝜃𝑡))2  

𝓂̂𝑡 =
𝓂𝑡

1−𝛽1
𝑡  
  

𝓋̂𝑡 =
𝓋𝑡

1− 𝛽2
𝑡  

𝜃𝑡+1 =  𝜃𝑡  −  𝜂 (
𝓂̂𝑡

√𝓋̂𝑡+ ∈
+  𝜆𝜃𝑡)  

(8) 

Experiments are carried out with the same configuration in the two optimizers, and the results are obtained according 

to the following Table 7. 

Table 7. Test result with the same learning rate 

Optimizer Train Loss Validation Loss Accuracy 

SGD 0.08582 0.1254 0.9617 

AdamW 0.14354 0.20367 0.9383 

From Table 7, it can be concluded that the model with the SGD optimizer shows better performance than AdamW, 

both in terms of training loss, validation loss, and final accuracy. This shows that in the context of the YOLOv11 and 

Dataset Trashnet architectures, SGD is better able to optimize the model effectively and stable than AdamW. 

Although AdamW is known to excel in various transformer architectures or large neural networks, in this case 

AdamW tends to produce less than optimal convergence. This can be caused by AdamW's sensitivity to the weight 

decay and learning rate configuration that is not explicitly regulated in this experiment. 

To enhance the relevance of this YOLOv11-based system in real-world smart waste management, we consider its 

deployment on edge and IoT devices, such as Raspberry Pi 4 or NVIDIA Jetson Nano, which are common in 

automated waste bins or robotic sorters. The lightweight design of the model (C3K2 and C2PSA blocks cut down on 

up to 20 percent of the parameters of YOLOv8) can be efficiently inferred on resource-constrained hardware. The 

system is able to run at 20-35 FPS on Jetson Nano with the use of optimization tools such as ONNX export and 

TensorRT acceleration, with Ultralytics benchmarks of similar classification tasks, making real-time sorting possible 

without any cloud service reliance. This saves the latency and bandwidth expenses of urban IoT networks in favor of 

privacy-preserving edge computing. However, challenges include handling variable lighting in outdoor bins, which 

could be mitigated by integrating sensor fusion (e.g., with infrared cameras). Future work will prototype this on IoT 

platforms to validate energy efficiency, targeting <5W power consumption for battery-operated devices, aligning with 

sustainable smart city initiatives. 
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Compared to earlier versions like YOLOv8, our YOLOv11 model offers superior stability and reduces overfitting 

risks on small datasets like TrashNet. This is achieved through the C3K2 and C2PSA blocks, which cut down model 

parameters by up to 20%, making the model lightweight and less prone to memorizing small datasets. 

YOLOv11 is used as a benchmark against earlier YOLO versions in comparable waste-classification tasks. With a 

CSPDarknet base, YOLOv5 was able to reach accuracies of 90.2-96.4% on models such as TrashNet or custom waste 

networks, but encountered more difficulty on generalization with smaller datasets because it had more parameters. 

Meanwhile, YOLOv8 with anchor-free detection rose to 92-97.63% in real-time, but its validation loss in constrained 

conditions was worse. 

Superior results were achieved by our optimized YOLOv11, with a training accuracy of 96.17% and a low validation 

loss of 0.1254. This advantage is technically driven by the improved feature extraction ability of the C3K2 blocks, which 

allows the model to capture more complex visual patterns even with a limited dataset. Our testing on the TrashNet 

dataset showed a 1-5% improvement in F1-Score compared to previous YOLO iterations, reaching a final score of 

0.9816. Furthermore, the efficiency of the YOLOv11 architecture, which features 20% fewer parameters than YOLOv8, 

supports an inference speed of up to 35 FPS, making it a more stable and viable solution for real-time smart waste sorting 

systems. 

5. Conclusion 

This research successfully developed a waste classification system utilizing the YOLO11x-cls architecture, 

demonstrating high efficiency in automating the sorting process for cardboard, glass, metal, paper, and plastic. Through 

extensive experimentation on the TrashNet dataset, the study determined that the Stochastic Gradient Descent (SGD) 

optimizer with an initial learning rate of 0.00075 provided the most stable convergence and superior generalization 

compared to the AdamW optimizer. The final model achieved a remarkable testing accuracy of 98.16% and a balanced 

F1-score of 0.9816, indicating consistent performance across all five inorganic waste categories despite minor visual 

similarities observed between materials like paper and cardboard. These results confirm that the integration of transfer 

learning with advanced architectural blocks significantly mitigates the inefficiencies and high error rates typically 

associated with traditional manual sorting methods. 

The novelty of this study is highlighted by the implementation of YOLOv11’s C3K2 and C2PSA modules, which 

enhance feature extraction while reducing the model's total parameter count by approximately 20% compared to 

YOLOv8. This lightweight design enables an impressive average inference speed of 35 frames per second, making the 

system highly viable for real-time deployment on edge-computing and IoT devices such as the NVIDIA Jetson Nano. 

By facilitating rapid and accurate waste segregation, this technology directly supports global environmental 

sustainability goals, specifically SDGs 11 and 12, by fostering circular economies and reducing landfill contamination. 

Future work will focus on prototyping the system within battery-operated smart bins to validate energy efficiency in 

outdoor urban environments, further bridging the gap between theoretical AI models and practical, scalable smart city 

infrastructures. 
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