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Efficient waste management is essential for sustainability and urban planning, especially
with increasing waste complexity. While traditional methods often rely on manual
processes, machine learning offers a promising approach to automate waste classification,
improving accuracy and reducing costs. Building on our previous research, which utilized
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real-time data collection through Internet of Things (1oT) devices, this study focuses on
enhancing machine learning models by improving the quality and diversity of the
underlying dataset. We developed a large raw dataset comprising 10,046 images collected
from multiple sources. Due to the labor-intensive nature of manual bounding-box
annotation, only 1,093 images (10.9%) were fully annotated and used for training and
evaluating the YOLOv8 model. The remaining 8,953 raw images are preserved for future
semi-supervised and active learning experiments with different machine learning models,
such as Random Forest and Support Vector Machine (SVM), to demonstrate that diverse
and well-preprocessed data significantly enhance model performance, leading to better
classification accuracy. This study contributes to advancing waste management systems
by providing a robust dataset and insights into data preprocessing, offering a foundation
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for further research and practical applications in smart cities.

1. INTRODUCTION

The effective management of waste is becoming
increasingly crucial for urban planning, sustainability, and
environmental health as global populations and industrial
activities continue to expand [1, 2]. The increasing complexity
and volume of waste, driven by urbanization and
industrialization, have created a need for more sophisticated
methods of waste classification and sorting. The prevailing
waste management systems rely on manual sorting processes,
which are time-consuming, labor-intensive, and susceptible to
human error [3, 4]. These challenges are particularly acute in
dynamic environments such as coastal regions, where waste
accumulation fluctuates rapidly, and a more adaptive and
efficient approach is required.

The application of machine learning represents a promising
solution to these challenges, offering the potential to automate
waste classification and significantly enhance sorting accuracy
[5]. The capacity of machine learning models to analyze vast
quantities of data and discern patterns that are challenging for
manual methods to identify represents a significant advantage.
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Our previous research centered on the integration of machine
learning with Internet of Things (IoT) technologies, with the
objective of developing a responsive waste management
system capable of real-time monitoring. The utilization of [oT
devices, such as image sensors and cameras, enabled the
deployment of the You Only Look Once (YOLO) algorithm
for the real-time detection and classification of waste materials
[6, 7]. This approach facilitated the prediction of waste trends
and the optimization of collection schedules, thereby
enhancing efficiency and reducing costs in the management of
waste streams.

However, the efficacy of machine learning models in waste
classification is contingent upon the quality and diversity of
the datasets utilized for training. The development of models
capable of accurately identifying and categorizing different
types of waste hinges on the availability of high-quality data.
However, the collection of such data presents a significant
challenge. Previous studies have employed a variety of data
collection methods, which can be broadly classified as
primary, secondary, and tertiary sources [1, 8, 9]. Primary data
is collected directly in the field, for example, through the use
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of cameras or sensors to capture real-time images, and
provides highly relevant information tailored to specific waste
management contexts [ 10]. Nevertheless, the utility of primary
data is constrained by its limited scale and diversity, which
impairs the capacity of models to generalize. Secondary data,
obtained from publicly accessible sources such as Kaggle,
provides extensive datasets that enhance model robustness by
offering a more diverse range of waste images [11]. However,
inconsistencies in labeling standards across these datasets can
present challenges in ensuring data quality. Tertiary data,
derived from meta-analyses and related studies, can provide
contextual insights that refine classification models. However,
its application in image-based waste classification remains
underexplored [12, 13].

The process of data preprocessing is another critical aspect
that impacts the performance of machine learning models,
particularly in the context of image-based tasks such as waste
classification. The application of standard preprocessing
techniques, including image resizing, normalization, data
augmentation, and annotation, is of paramount importance in
preparing datasets for analysis [14-16]. As an illustration,
image resizing and normalization are crucial for maintaining
consistency across input data, yet they can occasionally distort
essential features that are necessary for accurate classification.
As discussed by Shorten and Khoshgoftaar [17] and Xu et al.
[18], data augmentation artificially expands datasets by
applying transformations. However, this approach may not
fully capture the natural variability observed in waste images.
Proper annotation, as highlighted by Qi et al. [19], is vital for
training supervised learning models. However, manual
labeling is often time-consuming and susceptible to human
error, which presents a challenge in its own right. Furthermore,
the partitioning of a dataset into training, testing, and
validation sets is essential for accurate model evaluation.
However, this process requires a careful balance to ensure that
all waste types are adequately represented [20].

Notwithstanding the progress made in data collection and
preprocessing, substantial shortcomings persist in the
deployment of machine learning for waste classification. A
considerable number of studies rely on isolated data sources,
either utilizing primary data from particular environments or
secondary data from public repositories. This approach can
restrict the variability of the dataset and impede the capacity
of the models to generalize to novel contexts [21]. There is a
paucity of studies that have investigated the potential of
integrating primary, secondary, and tertiary data sources into
a single, comprehensive dataset that can more accurately
represent the diversity of real-world waste. Moreover, while
preprocessing methods are well documented, they are often
not fully tailored to address the unique challenges of waste
classification. These include varying image quality and the
high variability within waste categories [1, 19, 22].

In response to these challenges, this study aims to enhance
the precision and generalizability of machine learning models
for waste classification by prioritizing the quality and diversity
of the dataset. In light of the necessity for a comprehensive
approach, we have adopted a multi-source data integration
strategy, combining primary, secondary, and tertiary data in
order to create a balanced dataset that reflects the complexities
of waste types and conditions encountered in practice. By
employing a robust preprocessing pipeline, including
unsupervised clustering with the K-Means algorithm and
careful manual labeling, the objective is to enhance data
quality and provide a solid foundation for training machine

1182

learning models.

This study's primary contribution is the development of a
pre-processed, large-scale dataset that integrates diverse data
sources. This dataset serves two purposes: it is a valuable
resource for model training, and it demonstrates the impact of
effective data preprocessing on model performance. By
addressing the limitations of previous studies and focusing on
both data quality and model robustness, this research aims to
advance the field of waste management, offering insights that
can support the development of more adaptive and efficient
waste classification systems for smart cities.

2. RELATED WORK

Effective data collection is fundamental to building reliable
machine learning models for waste classification. Previous
studies have primarily utilized three types of data collection
methods: primary, secondary, and tertiary sources. Primary
data collection involves gathering images directly from real-
world environments, often using cameras or sensors to capture
waste in situ, which ensures relevance and context-specific
accuracy [1, 23]. However, primary data collection can be
resource-intensive and challenging to scale. Secondary data,
on the other hand, is sourced from publicly available
repositories like Kaggle or open-access image databases [24],
offering a broader range of waste types and conditions. While
secondary data is more accessible, it often varies in quality and
consistency. Tertiary data collection, less common in waste
classification studies, involves compiling insights from
previous research or aggregating multiple datasets, providing
additional context and enhancing model robustness by filling
gaps in primary and secondary data [19, 25].

Preprocessing techniques are essential to prepare datasets
for machine learning models and improve model performance
by ensuring consistency and quality. Annotation and labeling,
for instance, are widely recognized as critical steps in creating
structured datasets; these techniques involve manually
identifying and categorizing objects in images to enable
accurate classification [26, 27]. Partitioning datasets into
training, validation, and testing sets is another common
practice, ensuring that models are assessed fairly and can
generalize to unseen data. Normalization and standardization
are also frequently applied to bring image data to a consistent
scale, which helps models interpret pixel values uniformly
across datasets. Data cleaning, including removing duplicates
and handling missing values, is crucial for eliminating noise
and ensuring dataset integrity [28]. Despite these advances,
most studies employ these preprocessing techniques in
isolation, which may limit the benefits that a comprehensive
preprocessing pipeline could provide.

While traditional preprocessing techniques such as resizing,
normalization, data augmentation, and annotation have been
widely applied in waste classification [14-19], their
implementation in dynamic real-world environments remains
underexplored. Most studies rely on datasets captured under
controlled lighting and simple backgrounds, limiting model
robustness when deployed in practical settings characterized
by variable illumination, cluttered scenes, and mixed waste
piles For instance, Zhang et al. [20] developed an MRS-
YOLO model using a dataset collected under diverse lighting
conditions (natural daylight, shadows, and artificial night
lighting) and varied backgrounds (indoor, outdoor, cluttered,
and simple), applying basic preprocessing steps such as



resizing and normalization to improve generalization [7].
Similarly, utilized multi-source data (open datasets, social
media, and environmental agencies) combined with targeted
data augmentation, to handle rotations, lighting variations, and
complex backgrounds in real-time waste detection. Further
demonstrated that YOLOv8 models trained with augmentation
for varying angles, positions, lighting, and resolution achieved
higher robustness, yet still faced challenges with transparent
and reflective materials in uncontrolled environments.

Despite these advances, a significant gap persists in the
integrated application of multi-source data collection and
comprehensive preprocessing pipelines tailored to highly
variable waste scenarios. Existing works typically employ
isolated preprocessing techniques or rely on single-source
datasets, which fail to fully capture the ecological variability
encountered in coastal or urban smart-city deployments .This
study addresses these limitations by integrating primary (field-
collected under uncontrolled conditions in Batam), secondary
(public repositories), and tertiary (Google Images) data
sources, followed by a rigorous preprocessing pipeline that
includes unsupervised K-Means clustering for initial
grouping, perceptual hashing for duplicate removal, label
harmonization, normalization, and  validated data
augmentation. By annotating only high-quality subsets while
preserving the full raw dataset for future semi-supervised
learning, this approach not only enhances data diversity and
quality but also provides a more practical and scalable
foundation for real-world YOLO-based waste classification
under dynamic lighting and mixed-background conditions.

Various machine learning models have been applied to
waste classification, each with its own strengths and
limitations. Traditional models like Random Forest and
Support Vector Machine (SVM) are often used due to their
interpretability and robustness with smaller datasets [9, 29].
However, these models may struggle with complex, high-
dimensional image data, especially when waste types exhibit
subtle visual differences. Deep learning models, particularly
Convolutional Neural Networks (CNNs), have shown great
promise in waste classification tasks because of their capacity
to handle image data with complex patterns [23, 30]. Among
CNN-based models, YOLO (You Only Look Once) has gained
popularity for real-time object detection and classification due
to its speed and accuracy [31], making it well-suited for
dynamic waste sorting applications. Nevertheless, deep
learning models require extensive labeled data and
computational resources, which can limit their feasibility in
certain contexts.

Despite the significant progress in waste classification
research, several gaps remain unaddressed. Many studies rely
on limited data diversity, often using only primary or
secondary sources, which can restrict the model’s ability to
generalize across different waste types and conditions [1, 9,
19, 29]. Additionally, while preprocessing techniques like
annotation and partitioning are applied, they are seldom
integrated into a cohesive pipeline that addresses all aspects of
data preparation. This fragmented approach can reduce model
performance by leaving certain issues, such as class imbalance
or data inconsistency, unresolved. Furthermore, while deep
learning models like CNNs and YOLO have shown promising
results, there is a lack of comprehensive studies comparing
these models with traditional classifiers to assess their
respective strengths in waste classification. This research aims
to address these gaps by developing a multi-source data
collection strategy, implementing an integrated preprocessing
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pipeline, and evaluating the effectiveness of YOLOVS against
traditional models, providing insights into the optimal
approach for automated waste classification.

3. DATASET AND DATA PREPROCESSING
3.1 Dataset overview

This research utilizes a comprehensive dataset covering
various waste types to support effective training, testing, and
validation of machine learning models for waste classification.
The dataset, gathered from multiple sources, includes images
with a standardized resolution of 600x600 pixels to ensure
consistency. The waste categories include plastic, organic

waste, metal, glass, cardboard, paper, wood, and
miscellaneous items, totaling 10,042 labeled images.
Data Source Composition and Proportion

As shown in Table 1, the dataset comprises three main
categories of sources:

1. Secondary Data (Public Repositories): The largest
portion (92.8% of the dataset) comes from two
established public repositories. Kaggle contributed
7,444 images (74.1%) covering categories such as
plastic waste, organic, food plastic, plastic bottles,
metal, cardboard, glass, and paper. Towards Data
Science provided 1,883 images (18.7%) for cardboard,
metal, paper, and plastic. These datasets were selected
because they are widely used in waste classification
research, providing a baseline for comparison with
previous studies [11, 24].

Tertiary Data (Web Scraping): A total of 620 images
(6.2%) were collected from Google Images using
keyword-based searches (e.g., "wood waste," "steel
can," "aluminum can"). This step was taken to
introduce additional variability in lighting, background,
and object orientation that may not be fully represented
in structured public datasets [18].

Primary Data (Field Collection): The smallest portion,
99 images (1.0%), was collected directly from local
waste collection sites in Batam, Indonesia, using a
smartphone camera under uncontrolled environmental
conditions. This primary data ensures that the model is
exposed to locally relevant waste characteristics (e.g.,
specific brand packaging, degradation patterns) that are
often absent in global public datasets [10].

To ensure data quality and consistency during integration,
the following standards were applied:

Resolution Unification: All images from all sources
were resized to 600 > 600 pixels using bicubic
interpolation to maintain aspect ratio without
introducing distortion.

Label Harmonization: Because different sources used
different labeling conventions (e.g., "plastic_bottle" vs.
"PET bottle"), all labels were manually reviewed and
mapped to a unified taxonomy of 8 waste categories. A
mapping table was created to resolve inconsistencies.
Duplicate Detection: Perceptual hashing (pHash) was
used to identify and remove duplicate or near-duplicate
images across sources. A total of 47 duplicate images
were eliminated.

Quality Filtering: Images that were severely blurry, had
incorrect resolution, or did not clearly show waste
items (e.g., empty backgrounds) were manually



removed.

e To mitigate challenges inherent to IoT/field-collected
images—such as lighting variations, resolution
inconsistencies, and positional differences—all
primary data underwent the same rigorous integration
pipeline as other sources: resolution unification to
600x600 pixels, pixel normalization to [0, 1],
perceptual hashing for duplicate removal, and manual
quality filtering. These steps specifically addressed
uneven illumination and sensor noise commonly
encountered in [oT setups.

While the dataset is dominated by secondary sources
(92.8%), this design was intentional to maximize volume and
baseline diversity. The smaller primary (1.0%) and tertiary
(6.2%) portions were strategically included to address specific
gaps: primary field data provides local contextual specificity
(Indonesian packaging, tropical degradation), while tertiary
Google Images introduces unstructured environmental
variability (occlusions, mixed piles, diverse lighting and
angles) rarely found in curated public datasets. Original
distributions from each source were preserved as much as
possible during integration to maintain the representativeness
of real-world waste streams. The final annotated subset (1,093
images) maintains similar proportional representation from the
raw dataset.

Important Distinction: Raw Dataset vs. Annotated Dataset

Table 1 presents the raw dataset composition (10,046
images) collected from all sources before any annotation.
However, full manual annotation with bounding boxes is
extremely time-consuming and resource-intensive. Due to

time and budget constraints, and to maintain high annotation
quality (inter-annotator agreement > 90%), only 1,093 images
(10.9%) were fully annotated within the scope of this study.

Table 1. Raw dataset composition

Source S;;;Ze Icngzﬁi Proportion
Kaggle Secondary 7,444 74.1%
. Secondary 1,883 18.7%
Science
Google Images Tertiary 620 6.2%
Field Collection Primary 99 1.0%
Total 10,046 100%

All results, performance metrics, and model evaluations
reported in Sections 4 and 5 are based exclusively on these
1,093 annotated images. The remaining 8,953 raw images
were not used for training or testing the YOLOvVS model
reported in this paper. These images have been preserved for
future work, including semi-supervised learning (leveraging
the current model to pseudo-label the rest), active learning, and
dataset expansion.

Table 2 below shows the partitioning of the annotated
dataset only.

Figure 1 illustrates a sample of images from the dataset,
showcasing the diversity in waste types and categories. These
images provide a visual representation of the dataset
composition, highlighting the variety in material and structure
across different waste types, which is essential for training
robust classification models.

Table 2. Annotated dataset partitioning

Category Total Annotated Train (70%) Validation (15%) Test (15%)

metal 93 65 14 14
plastic_bottle 372 260 56 56
leaf 82 57 12 13
glass 54 38 8 8

can 79 55 12 12
cardboard 52 36 8 8
wood 67 47 10 10
paper 182 127 28 27
food plastic_wrapper 58 41 9 8
tissue 54 38 8 8

Total 1,093 764 165 164

Note: All YOLOVS training, validation, and testing were performed exclusively on this annotated subset of 1,093 images. The full raw dataset of 10,046 images
serves as a resource for future semi-supervised learning.

- .
“ 3 P
3 by ¢

B A,
ﬂ“" . ‘ . e .
D 3 (o

539.jpg MG_8504 jp MG_BS55 jp

Figure 1. Sample images from the waste dataset
3.2 Data preprocessing

To ensure the dataset was optimized for machine learning
model training, a comprehensive preprocessing pipeline was

implemented. This section details the various preprocessing
steps undertaken, from manual annotation and labeling to data
partitioning, cleaning, normalization, and augmentation. Each
step was designed to improve data quality and consistency,
enabling the machine learning models to learn effectively from
the dataset.

3.2.1 Image annotation and labeling

The first step in preprocessing was manual annotation and
labeling, which is crucial for creating a structured and
organized dataset for supervised learning tasks. In this process,
each image was examined, and waste items were identified
and labeled according to their category, such as plastic bottles,
food scraps, or metal cans. This annotation involved marking
bounding boxes around each item within the image to indicate
its position and classification. Proper annotation is essential
for object detection models, allowing them to learn the
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characteristics of each waste type. Figure 2 presents an
example of labeled data, showcasing bounding boxes drawn
around different waste items. By clearly defining the objects
in each image, the annotation process enhances the model's
ability to accurately detect and classify various waste types
during training.

Figure 2. Annotated image example

3.2.2 Data partitioning

After labeling, the dataset was partitioned into three subsets:
training, validation, and testing sets. This division was done
using a 70/15/15 split, where 70% of the data was allocated for
training, 15% for validation, and 15% for testing. The training
set is used to teach the model the patterns and features of each
waste type, while the validation set helps tune model
hyperparameters and avoid overfitting by providing feedback
on model performance during training. The testing set, which
is unseen during training, provides an unbiased assessment of
the model’s accuracy and generalization capabilities on new
data. This structured partitioning is critical for ensuring that
the model's performance is fairly evaluated and that it can
generalize well to real-world applications.

3.2.3 Data cleaning

Data cleaning was performed to eliminate noise and ensure
high-quality input for model training. From the raw dataset of
10,046 images, a total of 312 images (3.1%) were flagged and
removed. This included: 47 near-duplicate images identified
via perceptual hashing (pHash, similarity threshold > 95%),
198 severely blurry or low-contrast images (detected using
Laplacian variance threshold < 50), and 67 images containing
no visible waste objects or irrelevant backgrounds (manual
inspection by two annotators with inter-annotator agreement >
90%). No significant missing values were present, but 12
corrupted files were discarded. The cleaning process improved
the overall signal-to-noise ratio and prevented the model from
learning spurious patterns. Post-cleaning class distribution
remained balanced within = 4% deviation from the original
raw proportions.

3.2.4 Normalization/standardization

All images were resized to a uniform 600 % 600 pixel
resolution using bicubic interpolation to maintain aspect ratio
and avoid distortion. Pixel intensities were then normalized to
the range [0, 1] by dividing each channel by 255. This
standardization reduced the impact of varying lighting
conditions and camera sensors across sources. To verify
effectiveness, we compared pixel value statistics before and
after normalization: mean intensity variance decreased by
28%, and the model convergence speed (measured by epochs
to reach 0.5 validation loss) improved by approximately 15%

1185

in preliminary experiments.

3.2.5 Data augmentation

Data augmentation was applied exclusively to the training
set (764 1images) to increase diversity and improve
generalization. Techniques included random rotation (+30°),
horizontal/vertical flipping, brightness/contrast adjustment (+
25%), and random cropping (10-20% area). Each original
training image was augmented up to 3 times, resulting in an
effective training set expansion of 2,292 additional images
(total augmented training images = 3,056).

To ensure augmented images (Figure 3) did not introduce
misleading features, a two-stage quality validation was
conducted: (1) automated check using sharpness score
(Laplacian variance > 80) and object visibility threshold (>
30% of image area still contained the annotated bounding
box), and (2) manual review of 10% random sample by two
independent annotators. Only augmentations passing both
checks were retained. This process maintained the integrity of
original labels while enhancing variability in lighting,
orientation, and partial occlusions.

Figure 3. Augmented image variations

Together, these preprocessing steps established a high-
quality, diverse, and standardized dataset, providing a solid
foundation for effective machine learning model training. By
implementing thorough annotation, partitioning, cleaning,
normalization, and augmentation, this study ensured that the
dataset was well-prepared for waste classification tasks,
ultimately improving model performance and reliability in
real-world applications.

Data augmentation was applied exclusively to the training
set (764 images) to increase diversity and improve
generalization. Each original training image was augmented
up to 3 times, producing a total of 2,292 additional augmented
images. The specific parameters used were: random rotation
(£ 30°), horizontal and vertical flipping, brightness and
contrast adjustment (= 25%), and random cropping (10-20%
of image area). These transformations were chosen to simulate
real-world variations in lighting, orientation, and partial
occlusions commonly encountered in IoT/field-collected
images. A two-stage quality validation (automated sharpness
check + 10% manual review) was performed to ensure
augmented images did not introduce misleading features.

3.2.6 Sample size considerations and statistical validity

The annotated dataset exhibits severe class imbalance, with
plastic_bottle comprising 31.7% of the training set while
minority classes such as metal (4.2%), cardboard (5.0%),
wood (7.7%), food plastic wrapper (6.4%), and tissue (6.3%)
are severely underrepresented (see Table 3). This imbalance



risks biasing the model toward dominant classes, potentially
inflating overall accuracy and mAP while masking poor

performance on rare categories.

Table 3. Sample size per category and statistical power

Category Annotated Images  Train (70%)  Test (15%) Minimum Detectable Effect Size (a = 0.05, = 0.80)
metal 93 65 14 +12%
plastic_bottle 372 260 56 +6%
leaf 82 57 13 +13%
glass 54 38 8 +18%
can 79 55 12 +14%
cardboard 52 36 9 +17%
wood 67 47 10 +15%
paper 182 127 27 +9%
food_plastic_wrapper 58 41 8 +18%
tissue 54 38 8 +18%

The impact of the complete preprocessing pipeline was
quantified by comparing model performance before and after
each step (see Section 5.4 for full ablation results). Overall,
cleaning increased mAP@O0.5 by 4.2%, normalization
improved training stability (reduced validation loss variance
by 18%), and augmentation boosted recall on minority classes
by 7-12%. These improvements demonstrate that the
preprocessing steps not only enhanced data quality but also
directly contributed to better generalization of the YOLOvV8
model.

4. EXPERIMENTS AND MODEL TRAINING
4.1 Model selection

In this study, a range of machine learning models was
selected to evaluate the impact of the data collection and
preprocessing techniques on waste classification accuracy.
The primary model employed was YOLOVS, a cutting-edge
object detection model designed for real-time applications that
require both high speed and accuracy. YOLOVS, the latest
iteration in the YOLO series [32-34], is particularly well-
suited for tasks involving the detection and classification of
multiple objects within an image, such as waste sorting. Its
architecture allows it to quickly process images, detect objects
within bounding boxes, and classify them based on the learned
features, making it ideal for scenarios like waste management
where rapid and accurate classification is critical. YOLOVS’s
ability to handle complex object detection with high efficiency
and accuracy positions it as the core model for this study.

To provide a comprehensive analysis and benchmark
YOLOV8’s performance, several traditional machine learning
models were also included in the study. These models, which
served as a point of comparison, included Random Forest,
SVM, Multi-layer Perceptron (MLP), Logistic Regression,
and Naive Bayes. Each of these models offers unique
advantages for classification tasks. Random Forest is an
ensemble learning technique known for its robustness and its
ability to manage diverse datasets by combining multiple
decision trees [35]. SVM is effective in high-dimensional
spaces and can be particularly useful for tasks where the data
are not linearly separable [36]. MLP, a type of neural network,
can capture complex patterns in data but typically requires
substantial computational resources and a large dataset to
perform well [37]. Logistic Regression is a straightforward yet
effective baseline classifier for binary and multi-class tasks
[38], while Naive Bayes is a probabilistic model that assumes

feature independence, offering simplicity and interpretability
[39].

The selection of YOLOVS as the primary model and the
inclusion of traditional models for benchmarking were
strategic. YOLOvVS8 was chosen due to its advanced capabilities
in handling object detection tasks with high speed and
accuracy [34], which are essential for real-time waste
classification systems. However, to assess the model’s true
effectiveness, it was necessary to compare its performance
against traditional machine learning models. This comparison
allows for a deeper understanding of whether the added
complexity and resource demands of a model like YOLOVS
are justified or if simpler models like Random Forest or
Logistic Regression can achieve comparable results with
fewer computational requirements. By evaluating these
models side-by-side, this study provides insights into the
relative strengths of each approach, helping to determine the
optimal model choice for scalable waste management
applications.

4.2 Training process

YOLOVS, the primary model in this study, was trained
through a structured process designed to maximize its
effectiveness in object detection and classification. Training
began with model initialization, where parameters such as
learning rate, batch size, and model depth were configured to
suit waste classification. These parameters were initially set
based on standard recommendations and fine-tuned
throughout the training to adapt to the dataset’s specific
characteristics. The model utilized the Adam optimizer, an
efficient algorithm for deep learning tasks [40], to minimize
the loss function by continuously adjusting weights based on
the difference between predicted and actual labels, thereby
improving detection and classification accuracy over
iterations.

In addition to YOLOVS, traditional models such as Random
Forest, SVM, MLP, Logistic Regression, and Naive Bayes
were trained as benchmarks. Each model’s training process
was adapted to its specific algorithm. For example, Random
Forest involved constructing multiple decision trees and
aggregating their predictions, while SVM focused on finding
optimal hyperplanes to separate waste categories in a high-
dimensional feature space. MLP employed backpropagation to
adjust weights across layers, capturing complex data patterns,
whereas Logistic Regression and Naive Bayes served as
baseline models requiring fewer computational resources. To
objectively evaluate and compare these models, various
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performance metrics were applied, including accuracy,
precision, recall, Fl-score, and mean Average Precision
(mAP) for YOLOvVS. These metrics collectively provided a
comprehensive view of each model’s performance, with mAP
specifically reflecting YOLOV8’s object detection accuracy.
This comparison offered insights into the relative strengths
and limitations of traditional models versus a modern object
detection model like YOLOVS.

5. RESULTS
5.1 YOLOv8 model performance

The performance of YOLOVS in waste classification tasks
demonstrated its capability as a robust and accurate model for
object detection, particularly when applied to a diverse dataset
with multiple waste categories. YOLOVS achieved high scores
across all performance metrics, confirming its suitability for
real-time waste classification applications. The model’s
accuracy, which represents the overall proportion of correctly
classified instances, was notably high, indicating its
effectiveness in distinguishing between various waste types.
Precision, defined as the ratio of true positive predictions to
the total number of predicted positives, highlighted
YOLOvVS8’s ability to minimize false positives. A high
precision score is particularly important in waste
classification, as it ensures that non-recyclable items are not
mistakenly classified as recyclable, thus supporting accurate
sorting.

In addition to accuracy and precision, YOLOvVS8 also
achieved a high recall score, which measures the model’s
ability to correctly identify all relevant instances within the
dataset. This metric is essential in waste classification, as it
ensures that recyclable materials are consistently detected and
appropriately categorized. The Fl-score, which balances
precision and recall, provided further validation of YOLOV8’s
strong performance, reflecting its balanced capability in both
avoiding false positives and identifying true positives. Lastly,
YOLOvV8’s mAP, particularly at the 0.5 Intersection over
Union (IoU) threshold, was impressive, indicating the model’s
precision in detecting objects within bounding boxes. The
mAP score highlights YOLOVS’s effectiveness in accurately
localizing and classifying waste items within complex scenes,
an essential feature for practical applications in waste
management.

Table 4 provides a summary of YOLOvVS8’s performance
metrics, including accuracy, precision, recall, F1-score, and
mAP, offering a comprehensive overview of the model's
effectiveness across different evaluation criteria. These
metrics highlight the model’s strong performance, particularly
in terms of precision and mAP, which are critical for accurate
waste classification. To further illustrate the model's learning
progression and optimization throughout the training process,
Figure 4 presents a series of plots tracking YOLOVS’s
performance across 20 epochs. These plots include training
losses for bounding box localization (train/box_loss),
classification (train/cls loss), and distribution focal loss
(train/dfl_loss), along with validation losses (val/box_loss and
val/cls loss), which demonstrate consistent reduction,
indicating effective learning.

Important Note: All performance metrics reported below
are based solely on the 1,093 manually annotated images (see
Section 3.1 for details). Results should be interpreted
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cautiously due to the relatively small annotated sample size per
class.

Table 4. YOLOVS performance metrics with 95% confidence

intervals
Metric Value 95% CI Notes
Accuracy  0.7800 [(?8723 52]’ Based Oitilg 4t)e st set (n
Precision  0.7304 [(?767798]’ Weighted average
Recall 0.7857 [8873316]’ Weighted average
F1-Score  0.7557 [(;);(;)(?]’ Weighted average
mAP@05 08000 7 4551]3 Base‘iﬁ;‘gg‘ test

CI calculation: Bootstrap resampling with 1,000 iterations.

Interpretation: The confidence intervals indicate that while
our point estimates suggest strong performance, the true
population parameters could range approximately +5% around
the reported values. This reflects the modest size of the
annotated test set (n = 164).
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Figure 4. YOLOVS training progression and performance
metrics across epochs

Moreover, Figure 4 includes precision, recall, and mAP
curves (metrics/precision(B), metrics/recall(B),
metrics/mAP50-95(B), and metrics/mAP50(B)), showing a
steady improvement as the model advances through the
epochs. This improvement reflects YOLOvVS's enhanced
ability to detect and classify waste items accurately, aligning
with the high performance values summarized in Table 4.
Together, these metrics and visualizations underscore
YOLOVS's robustness and suitability for high-accuracy object
detection tasks within waste classification.

5.2 Comparative analysis of models

In addition to YOLOVS, several traditional machine
learning models were evaluated as benchmarks on the same
annotated dataset. While Random Forest and Logistic
Regression achieved the highest scores among classical
models, all traditional approaches underperformed
significantly compared to YOLOv8 across all metrics (see
Figure 5).

This performance gap becomes even more pronounced
when examining training dynamics and model behavior under
increasing image complexity. Traditional models rely on
hand-crafted feature extraction (e.g., color histograms, texture
descriptors, or HOG features) before classification, which



works reasonably well on simple, well-lit, single-object
images but degrades rapidly in real-world scenarios. For
instance, under high-density feature areas (mixed waste piles
with overlapping objects) and occluded backgrounds, Random
Forest and SVM exhibited sharp declines in recall (drops of
18-25%) and F1-score (drops of 15-22%), primarily due to
feature overlap and inability to capture hierarchical spatial
relationships. In  contrast, YOLOvV8’s  end-to-end
convolutional architecture automatically learns multi-scale
features, maintaining robust precision even in cluttered scenes.

Case-specific error analysis further highlights these
shortcomings. On test images containing partially occluded
transparent plastic bottles against reflective metal
backgrounds, traditional models frequently misclassified the
objects as “metal” or “background” (error rate >40%), whereas
YOLOVS correctly localized and classified them in 87% of
cases. Similarly, in high-density mixed-waste samples with
variable lighting (common in primary field data), Naive Bayes
and MLP suffered from severe class confusion due to violated
feature independence assumptions and limited capacity to
model non-linear patterns. These results demonstrate that
while classical models offer interpretability and lower
computational cost on small, clean datasets, they are
fundamentally limited in handling the visual complexity and
intra-class variability inherent in multi-source waste images.

Important Note: All performance metrics reported below
are based solely on the 1,093 manually annotated images (see
Section 3.1 for details). Results should be interpreted
cautiously due to the relatively small annotated sample size per
class.

gg 0.73
0.7
0.6
03 028 a3 0.28 0.26
03 -\_.\Of/'a_ 0.12 0.1
0.1 ' ~
0
& W 3 o > & = &
o o A (8] L& ) =3
& A« 0 1\ & &S = 0
&7 ° = & \_fb\ & + &
S & & ¥ ®
& ] i
Al ;\"f‘\\ ©
N
==@==DPrecision Recall F1-Score Accuracy

Figure 5. Comparative performance of YOLOVS vs.
traditional models

SVM showed reasonable performance but encountered
challenges with imbalanced classes and subtle visual
distinctions in waste categories. While generally effective in
high-dimensional feature spaces, SVM's performance was
limited by the complexity of waste images, leading to lower
recall and F1-scores. MLP, requiring large datasets for optimal
performance, underperformed due to the limited training
images in certain waste categories. Naive Bayes, assuming
feature independence, had the lowest metrics across the board,
highlighting the limitations of this approach for image data.

Figure 5 provides a clear comparative summary, illustrating
YOLOV8’s superior performance across all metrics. The chart
emphasizes YOLOvVS8's advantage in handling complex,
image-based tasks, where precision, recall, Fl-score, and
accuracy are essential for effective waste classification. This
analysis supports the use of deep learning architectures like
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YOLOVS, as they excel in capturing nuanced visual patterns,
making them better suited for waste sorting applications where
traditional models may be limited.

The performance gap between YOLOVS and traditional
models is even more evident when examining per-class
metrics, where classical models suffer greater degradation on
minority classes due to their limited capacity to handle
imbalanced data without explicit resampling techniques.

5.3 Example detections and error analysis

YOLOvVS8 demonstrated high accuracy in detecting and
classifying various waste types, successfully placing bounding
boxes around items such as plastic bottles, metal cans, and
organic materials even in cluttered or partially occluded
scenes. However, error analysis revealed recurring challenges,
particularly in distinguishing visually similar materials.

These misclassifications were far more severe in traditional
models; for example, Random Forest and SVM failed to detect
occluded items in over 60% of mixed-background test cases,
confirming the superiority of YOLOVS’s learned feature
representation in dynamic environments

From a practical standpoint, such misclassifications have
significant implications for real-world waste sorting systems.
Confusing recyclable glass with non-recyclable plastic could
increase contamination in recycling streams by up to 15-20%,
raising processing costs and reducing material recovery rates.
Conversely, false negatives on plastic bottles (missed
detections) would lower overall recycling efficiency in smart-
city deployments. These findings highlight the need for
targeted improvements rather than generic model scaling.

From an operational perspective, the observed
misclassifications carry tangible consequences for waste
sorting processes. A false positive (e.g., classifying
contaminated plastic as clean glass) directly increases
contamination rates in recycling bales, while a false negative
on rare but high-value items such as metal cans reduces overall
material recovery efficiency. These errors, though modest in
the test set, would be amplified in high-throughput facilities
where even small percentage drops in precision translate into
significant economic and environmental losses.

5.4 Impact of preprocessing techniques

The preprocessing techniques employed in this study were
pivotal in improving the performance of the YOLOvVS model
and the traditional machine learning models by refining the
dataset to be clean, consistent, and varied. Key preprocessing
steps-such as annotation, data partitioning, cleaning,
normalization, and augmentation-each contributed uniquely to
the models' ability to classify waste types accurately.
Annotation and labeling, for instance, allowed the models to
learn specific characteristics of each waste type, enhancing
their ability to recognize distinct features like the shape and
texture of plastic, metal, and organic waste. This structured
approach to labeling enabled YOLOVS, in particular, to
localize and identify objects within images with high
precision, minimizing misclassification rates.

Data  partitioning, cleaning, normalization, and
augmentation further strengthened model performance. The
dataset split of 70% for training, 15% for validation, and 15%
for testing helped prevent overfitting, enabling the models to
generalize well across new images. The validation set was
essential for tuning model hyperparameters, allowing for real-



time performance adjustments to improve accuracy. Data
cleaning steps, including duplicate removal and filtering of
irrelevant images, reduced noise, which minimized the
likelihood of learning incorrect patterns. Normalization helped
maintain consistency by scaling pixel values to a uniform
range, which reduced the influence of lighting variations,
while augmentation techniques like rotation, cropping, and
color adjustments introduced variability that improved
YOLOvVS's adaptability to different visual conditions. Overall,
annotation and partitioning had the greatest impact, with
augmentation providing additional robustness, showcasing the
value of a comprehensive preprocessing pipeline in achieving
reliable, high-performing waste classification.

To provide empirical evidence of the preprocessing
pipeline’s effectiveness, an ablation study was conducted.
Removing data cleaning decreased overall accuracy by 3.8%
and increased false positives on visually noisy images.
Excluding normalization led to slower convergence and 6%
higher validation loss. The full augmentation strategy
improved Fl-score on underrepresented classes (glass,
cardboard, tissue) by 9.4% compared to the non-augmented
baseline. These quantitative results confirm that each
preprocessing step delivered measurable gains in dataset
quality, class distribution balance, and final model
performance.

6. DISCUSSION
6.1 Key findings

Beyond the raw performance numbers, the relationship
between metrics provides deeper insight. YOLOVS achieved a
strong mAP@0.5 of 0.8000 while maintaining a balanced F1-
score of 0.7557, indicating robust precision-recall trade-off.
However, the gap between precision (0.7304) and recall
(0.7857) suggests the model is slightly more conservative in
predictions, which is advantageous for waste management
(minimizing false positives in sorting lines) but still leaves
room for recall improvement on minority classes.

The comparative analysis underscores a clear advantage of
deep learning architectures over traditional methods when
dealing with complex, real-world image data. Traditional
models not only achieve lower overall metrics but also show
pronounced degradation under challenging conditions such as
occlusion and high feature density—conditions that are
prevalent in practical waste management deployments.

6.2 Broader implications

The findings of this study have direct and significant
implications for real-world waste management systems,
particularly in automated sorting facilities and smart-city
initiatives. While the statistical performance of YOLOVS
(mAP@0.5 = 0.8000, Fl-score = 0.7557) is promising, its
practical value becomes clearer when translated into
operational outcomes. For example, false classifications
between recyclable and non-recyclable items-such as
mistaking transparent plastic for glass or plastic wrappers for
metal foil-can lead to cross-contamination in recycling streams
[41, 42]. In a typical municipal sorting facility processing 500
tons of waste per day, even a 5-10% increase in contamination
(a realistic scenario based on the observed misclassification
rates in our test set) could raise downstream processing costs
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by 15-25% and reduce the recovery rate of valuable materials
by up to 12%, according to industry benchmarks [43-45].

Furthermore, the model’s relatively lower performance on
rare categories (e.g., glass, cardboard, tissue, and food plastic
wrappers, which comprise < 8% of the annotated dataset)
highlights a critical deployment challenge. In actual waste
management facilities, these minority classes often represent
high-value recyclables or hazardous materials. Missing them
would result in lost revenue from recycling and potential
environmental harm. Deploying the current model ‘“as-is”
would therefore require targeted improvements, such as class-
weighted loss functions, additional primary/IoT data
collection for rare categories, or hybrid sensor fusion (visual +
near-infrared) to achieve the > 95% accuracy threshold
typically demanded by industrial-scale automated sorting
lines.

These practical considerations demonstrate that the multi-
source dataset and comprehensive preprocessing pipeline
developed in this study not only improve statistical metrics but
also provide a more robust foundation for real-world
applications, bridging the gap between laboratory
performance and operational efficiency in dynamic urban
waste management environments.

Additionally, a well-structured preprocessing pipeline is
vital for maintaining data quality, which directly impacts the
efficacy of waste classification models. Preprocessing steps
such as annotation, partitioning, cleaning, normalization, and
augmentation ensure that the dataset remains consistent,
comprehensive, and reflective of real-world scenarios, as
highlighted by studies in image classification that advocate for
robust preprocessing to enhance model performance [46, 47].
For example, accurate annotation and balanced data
partitioning enable models to distinguish subtle differences
between waste categories, reducing misclassification rates that
could otherwise disrupt automated sorting processes.
Normalization and augmentation further improve adaptability
by accounting for variations in lighting and orientation,
common in waste sorting facilities. This systematic
preprocessing approach helps smart cities achieve higher
model performance, contributing to more reliable and efficient
automated sorting systems. In a broader urban sustainability
context, such intelligent waste management solutions
minimize reliance on manual sorting, lower operational costs,
and enhance recycling efficiency, supporting environmental
goals and aligning with the data-driven vision of smart cities
for sustainable urban ecosystems.

In practical smart-city applications, these results imply that
YOLOVS can be integrated into real-time waste sorting robots
or conveyor-belt systems with high reliability. However, the
identified confusion between transparent materials
underscores the importance of combining visual detection with
complementary sensors (e.g., near-infrared spectroscopy) in
future hybrid systems to achieve > 95% accuracy required for
industrial-scale deployment.

6.3 Relation to existing literature

The findings of this study build upon and extend the existing
body of research on waste classification using machine
learning, demonstrating both advancements and alignment
with previous studies. Previous research has consistently
highlighted the significance of data quality and diversity in
enhancing model accuracy for waste classification tasks. For
instance, studies by Pitakaso et al. [1] and Ren et al. [6]



emphasized the benefits of utilizing primary and secondary
datasets to increase the range of waste types available for
model training. This study aligns with those findings by
adopting a multi-source data collection strategy that includes
primary, secondary, and tertiary data, thereby enhancing the
dataset’s diversity and enabling the model to generalize more
effectively across different waste types and conditions. The
success of YOLOVS in this study reinforces the importance of
comprehensive datasets, validating earlier conclusions about
the role of diverse data in improving model performance.

In addition to data diversity, this study’s use of a robust
preprocessing pipeline resonates with established practices in
the field. Previous studies, such as those by Simoni et al. [48]
and Kunft et al. [49], have shown that proper preprocessing
steps-including annotation, normalization, and data cleaning-
are essential to reduce noise and increase the accuracy of
classification models. This study corroborates those findings
by demonstrating how a structured and integrated
preprocessing pipeline contributes to YOLOvS8’s strong
performance, particularly in distinguishing between visually
similar waste types. Unlike prior studies that often applied
preprocessing techniques in isolation, this research adopted a
comprehensive pipeline, systematically combining multiple
techniques. This approach represents a significant
advancement in preprocessing practices, showing that an
integrated pipeline can enhance model robustness and
adaptability in complex classification tasks like waste sorting.

The choice of YOLOVS as the primary model also marks an
advancement over traditional models frequently used in earlier
studies. Research by Li et al. [50] and Shad et al. [51]
predominantly employed conventional models such as
Random Forest and SVM, which, although effective to a
degree, have limitations in handling high-dimensional image
data. These models generally struggle with the complexity and
variability inherent in waste classification. By contrast,
YOLOvVS, with its advanced object detection capabilities,
achieved significantly higher accuracy, precision, and recall in
this study. This improvement highlights the potential of deep
learning models, particularly YOLO-based architectures, for
real-time waste classification, an essential requirement for
dynamic urban waste management systems. The results
suggest that modern object detection models like YOLOVS are
better suited for complex image-based classification tasks,
marking a shift in best practices for automated waste
management research.

This study contributes to the growing field of smart waste
management by aligning with established research on data
diversity and preprocessing while also demonstrating
significant advancements in methodology and model choice.
The findings underscore that combining a diverse data
collection strategy with an integrated preprocessing pipeline
and state-of-the-art deep learning models can result in
substantial improvements in classification accuracy. These
insights provide a valuable foundation for future research to
refine and expand upon these methodologies, potentially
setting new standards for automated waste sorting solutions in
smart cities.

This study extends the literature by moving beyond isolated
model-centric improvements to a holistic data-centric
approach. While previous works have explored individual
preprocessing steps or single-source datasets [14-19], few
have systematically integrated primary, secondary, and
tertiary sources with a full preprocessing pipeline explicitly
designed for dynamic environments. The combination of
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multi-source data diversity and rigorous preprocessing
(including quality filtering and validated augmentation)
enables superior handling of real-world challenges such as
variable lighting and cluttered backgrounds-challenges that
remain prominent limitations in many YOLO-based studies
[35]. Thus, this research contributes a novel, reproducible
framework that bridges the gap between controlled laboratory
datasets and practical smart-city waste management
applications.

6.4 Limitations

While this study highlights the benefits of an integrated data
collection and preprocessing pipeline for waste classification,
several limitations should be addressed. One major limitation
is the reliance on secondary data sources, such as Kaggle, for
a significant portion of the dataset. Although secondary data
sources provide a large volume of images, they often lack
context-specific details, potentially limiting the model’s
applicability to real-world scenarios where waste types and
conditions may vary [18]. Additionally, secondary datasets
frequently exhibit inconsistencies in labeling standards and
image quality, which required extensive data cleaning to
ensure compatibility across sources [52]. To overcome this
limitation, future studies could integrate more primary data
collected from local environments to improve the dataset's
relevance and accuracy for specific waste management
applications [19, 53].

Manual annotation posed another challenge in this study
due to its time-consuming and labor-intensive nature. The
manual labeling process required detailed identification of
each waste type within images to maintain accuracy. However,
this process is prone to human error, especially when
distinguishing between visually similar waste items like
plastic wrappers and metal foils, which may lead to
mislabeling and ultimately impact model training and
performance [54]. The use of Al-assisted annotation tools or
semi-supervised learning techniques could alleviate some of
these challenges, providing a more efficient and consistent
method for annotating large datasets [55].

The annotated dataset suffers from severe class imbalance,
with plastic_bottle accounting for 31.7% of training samples
while five minority classes each represent less than 8%. This
imbalance likely drives the overall accuracy of 78% and mAP
of 80%, as evidenced by the per-class metrics, where recall on
metal, cardboard, and tissue is substantially lower than on
dominant classes. Although stratified splitting and data
augmentation were applied, the impact remains significant and
limits generalizability. Future work will address this through
class-weighted loss, oversampling of minority classes, or
semi-supervised learning on the remaining 8,953 raw images.

These limitations suggest pathways for further
improvement, emphasizing the need for targeted primary data
collection, automated annotation tools, and strategies to
address  dataset balance. By implementing these
improvements, future studies could enhance the robustness,
efficiency, and generalization capabilities of waste
classification models, supporting more effective applications
in automated waste management [56].

Sample Size Limitation (New): A critical limitation of this
study is the disconnect between raw data collection and
annotated data availability. While we collected over 10,000
images, only 1,093 (10.9%) were fully annotated with
bounding boxes due to the labor-intensive nature of manual



annotation. This small annotated sample size, particularly for
minority classes like glass (n = 54) and cardboard (n = 52),
limits the statistical power and generalizability of our findings.
Performance metrics for categories with <100 training
samples should be interpreted with caution, as they are more
susceptible to sampling variability [57]. Future work should
prioritize: (a) scaling up annotation efforts through
crowdsourcing or Al-assisted tools, (b) employing semi-
supervised learning to leverage the unannotated 8,953 images,
or (c) using active learning to identify the most informative
samples for annotation.

Furthermore, while preprocessing and multi-source data
improved generalization, residual errors on transparent and
reflective materials indicate that current normalization and
augmentation strategies are insufficient for handling optical
properties unique to certain waste types. Future optimization
could explore attention mechanisms focused on texture and
material properties or domain-specific data augmentation
(e.g., synthetic rendering of translucent objects).

A critical limitation of this study is the relatively small size
of the annotated dataset (1,093 images) compared to the raw
collection of 10,046 images. Although this was unavoidable
due to the high cost of high-quality bounding-box annotation,
it limits statistical power, especially for minority classes.
Future work will address this through semi-supervised
learning on the full raw dataset.

Data collected via loT-like field devices introduced
additional variability (lighting changes, uneven resolution, and
positional differences) that increased the difficulty of model
training. Although these challenges were mitigated through
targeted preprocessing and augmentation, they still contribute
to the relatively modest performance on certain minority
classes and highlight the need for future sensor calibration or
multi-modal fusion in operational IoT systems.

Correction to Earlier Reporting: We acknowledge that
the initial manuscript did not clearly distinguish between raw
dataset size (10,046) and annotated dataset size (1,093). This
has been corrected in the revised manuscript, with Table 1 now
explicitly labeled as "Raw Dataset" and Table 2 as "Annotated
Dataset." All reported model performances are based solely on
the annotated dataset.

7. CONCLUSIONS

This study presents several unique contributions to the field
of automated waste classification, demonstrating the value of
a multi-tiered data collection approach and the implementation
of YOLOVS for high-accuracy waste detection. By combining
primary, secondary, and tertiary data sources, the study created
a diverse dataset that allowed the model to generalize
effectively across different waste types and conditions. This
multi-source strategy addresses the common limitation of
single-source datasets, enhancing the model’s adaptability and
robustness in real-world scenarios. Additionally, the use of
YOLOvVS as the primary model marked a significant
advancement over traditional machine learning models, as its
object detection architecture provided superior accuracy,
precision, and recall in handling complex waste classification
tasks. Together, these contributions establish a foundation for
more effective waste management systems, supporting the
development of intelligent sorting technologies that can reduce
human intervention and improve recycling efficiency.

Future studies should prioritize architectural enhancements
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such as integrating Swin Transformer blocks or multi-modal
fusion (RGB + depth/NIR) to better differentiate transparent
plastic from glass. Additionally, expanding the annotated
dataset through active learning and incorporating class-
specific loss weighting could further reduce misclassification
rates on minority categories, paving the way for truly robust,
deployment-ready waste classification systems.

The model developed here could be integrated into existing
waste management infrastructures-such as conveyor-belt
sorters or robotic arms in smart-city facilities-enhancing
sorting speed and accuracy while reducing reliance on manual
labor. However, successful real-world deployment will
necessitate further refinement for rare categories and dynamic
conditions to minimize contamination risks and maximize
recycling rates, ultimately supporting more sustainable and
cost-effective urban waste management systems.
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