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Abstract

Accurate waste classification plays a vital role in supporting effective waste management and promoting environmental
sustainability, especially amid the continuing increase in global waste generation. This study investigates how the presence
and removal of image backgrounds influence the performance of deep learning models in automated waste classification. Two
Convolutional Neural Network architectures, namely MobileNetV2 and DenseNetl69, were evaluated using a dataset
comprising 5,054 images across six waste categories: cardboard, glass, metal, paper, plastic, and trash. Each architecture
was trained and tested on two dataset variants: original images with backgrounds and images with the backgrounds removed.
Model performance was assessed using accuracy, precision, recall, Fl-score, and ROC AUC. The results indicate that
DenseNet169 consistently outperformed MobileNetV2 across all evaluation metrics. The highest accuracy, reaching 88.33%,
was achieved by DenseNet169 when trained on images retaining their original backgrounds. This suggests that background
information may provide meaningful contextual features that enhance classification performance. Conversely, removing
backgrounds can limit the visual information available to the model and potentially reduce predictive effectiveness. These
findings emphasize the importance of carefully considering background characteristics during dataset preparation and model
training. Moreover, the study demonstrates that selecting an appropriate model architecture in relation to dataset properties
is essential for optimizing classification outcomes. Overall, this research offers practical insights for improving dataset design
and model selection in future automated waste classification systems, while contributing to the advancement of scalable and
intelligent deep learning-based waste management solutions.
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1. Introduction

Waste management is a serious problem, as population
growth and human activities continue to increase.
According to the latest report from International Lianhe
Zaobao, worldwide waste volume is predicted to
increase by as much as 70% by 2050, which will add
difficulty to the task of waste classification [1].
Accurate waste classification plays a fundamental role
in supporting effective waste management. However,
one of the key challenges in this process is the proper
categorization of waste based on its type, particularly in
distinguishing between organic and inorganic waste [2].
Organic waste can decompose naturally through
biological processes, whereas inorganic waste takes
longer, even years, to decompose [3]. These data
indicate that inorganic waste management requires

further treatment, as most of this material is inherently
difficult to decompose.

As mentioned, it is important to pay attention to waste
management, especially inorganic waste. Waste
management that still relies on manual methods in the
waste separation process is less efficient and not
environmentally friendly [4]. In Indonesia, people still
struggle to classify types of waste, often mixing them
together [3]. Waste sorting is a fundamental step
necessary to enable efficient and cost-effective
recycling [5]. Recycling is an essential approach to
reducing the amount of waste sent to landfills, oceans,
and other natural environments [6]. For example, the
implementation of a recycling system in China has
proven its success in overcoming the waste problem [7].
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In this situation, a crucial step is to enhance recycling
efficiency through automated sorting processes [4].

To further improve recycling efficiency, automated
sorting systems supported by deep learning techniques
have become increasingly important in enabling more
accurate and efficient waste classification [8], [9]. An
architecture in automatic classification is the
Convolutional Neural Network (CNN). With its unique
ability to recognize and classify visuals, CNN is
recognized as one of the most dominant approaches in
image recognition and is the leading choice in this field
[8]. CNN is specialized artificial neural networks
developed to process complex data structures and
perform various tasks, including image classification,
audio classification, and Natural Language Processing
(NLP) [10].

CNN has been widely used in previous research to
classify waste, as seen in research [11], which employs
CNN and Support Vector Machines (SVM) techniques
to differentiate plastic bottle waste based on brand. The
results show that the CNN has 99% accuracy, which is
higher than that of the SVM. Other research by [12]
used a CNN to differentiate waste types into organic
and inorganic, achieving an accuracy of 98.92%.
Furthermore, research conducted by [13] CNN method,
when integrated with Multilayer Hybrid feature
extraction, was reported to achieve 92.6% accuracy in
waste classification.

The continuous evolution of CNNs has significantly
contributed to the advancement of deep learning
research [14]. Improvements in CNN applications have
been achieved through refinements in model
architecture and the expansion of network depth [15].
Exemplary architecture is essential for performing
effective image classification in various categories [16].

The CNN algorithm has various architectures, including
Mobilenetv2 and Densenetl169, which are designed to
meet different needs [17]. MobileNetV2 is an efficient
lightweight neural network model that is well suited for
deployment on resource-constrained devices with
limited memory and computational capabilities [18],
[19]. The results of this study show that MobileNetV2
attained an accuracy of 82.92% in the four-class
classification of domestic waste, indicating robust
model performance and outperforming the other CNN
architectures examined. DenseNetl69 is a CNN
architecture characterized by dense connectivity, where
each layer receives input from all preceding layers,
thereby facilitating effective feature reuse and
improved information transmission throughout the
network [20]. Through this structure, DenseNet169 can
reduce parameter redundancy, strengthen feature
propagation, and improve learning efficiency during
model training [21].

In addition, research by [22] also tested Mobilenetv2 to
classify plastic waste. In their study, Mobilenetv2
achieved 86% accuracy using the WaDaBa dataset,
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which covers four types of plastic. These results show
that Mobilenetv2 can help manage plastic waste more
effectively and efficiently.

Although Mobilenetv2 is quite good at garbage
classification, other studies with different CNN
architectures also show significant results. For example,
research [21] created the PublicGarbageNet framework
for classifying public waste. They used a new dataset
comprising 10,624 images, divided into four main
categories and ten subcategories of trash. The
evaluation of multiple CNN architectures demonstrated
that DenseNet169 was the most effective model,
achieving an accuracy of 96.35%. The results further
indicate that DenseNetl69 performs better than the
other tested architectures in both predictive accuracy
and processing speed. Then, another study by [23]
utilized DenseNet169 to classify waste images,
achieving 82.8% accuracy. This result demonstrates
that DenseNetl169 outperforms other models, such as
AlexNet, GoogLeNet, and VGG.

The evolution of CNN architectures has led to the
introduction of EfficientNet, which applies a compound
scaling strategy to proportionally optimize network
depth, width, and image resolution. Relative to
established models such as ResNet, MobileNet, and
DenseNet, EfficientNet has been reported to achieve
stronger classification accuracy while maintaining
higher computational efficiency across diverse image
classification benchmarks. Its inclusion in waste
classification research could provide further
performance gains, especially in resource-constrained
environments [24]. Although this study focuses on
MobileNetV2 and DenseNetl69, consideration of
EfficientNet in future work may enhance the overall
system design.

Despite substantial advancements in CNN-based waste
classification, relatively few  studies  have
comprehensively explored the role of image
background characteristics in influencing model
classification performance. In practical environments,
waste images are commonly captured under diverse and
visually cluttered conditions. Background elements can
either help by providing contextual clues or hinder by
introducing noise. From a theoretical standpoint, the
concept of contextual learning suggests that CNNs do
not merely focus on the primary object but also learn
from surrounding visual cues. Studies in scene
understanding and image classification have shown that
background information can significantly influence
model predictions, particularly in tasks with high intra-
class similarity. While some may expect background to
assist classification, no prior work has quantitatively
compared the performance of CNN models with
different architectural complexities on datasets with and
without background.

This research fills this research gap by systematically
comparing two CNN architectures with different levels
of  complexity, namely  MobileNetV2  and
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DenseNet169, using datasets derived from the same
source but prepared in two variants: with background
context and without background context. The novelty of
this research lies in analyzing how background
information  affects classification  performance,
depending on the model's architectural depth and its
capacity for learning contextual features. By controlling
the dataset source and applying consistent
preprocessing, this study effectively isolates the role of
background in classification accuracy. The findings
contribute not only to model selection strategies but
also to a deeper understanding of contextual learning
behavior in CNN-based waste classification systems.

To further explore whether background elements serve
as helpful contextual cues or introduce classification
bias, this study is framed around the hypothesis that
model complexity influences sensitivity to contextual
features. Specifically, we hypothesize that deeper CNN
architectures, such as DenseNetl69, can exploit
background information more effectively, while
lightweight models like MobileNetV2 may derive less
benefit or even be prone to overfitting.

2. Methods

This chapter outlines the methodological approach
employed to assess the influence of image background
on CNN-based waste classification, including data
collection, data labeling, dataset partitioning,
augmentation, model architecture design, and
evaluation procedures.

2.1 Data Collection

The dataset used in this study was the publicly
accessible “Garbage Classification” dataset from
Kaggle, which contains 2,527 recyclable waste images
organized into six classes: plastic, metal, glass,
cardboard, trash, and paper. This dataset is available via
the DOI https://doi.org/10.34740/kaggle/ds/81794. The
dataset comprises 482 images of plastic, 410 images of
metal, 501 images of glass, 410 images of cardboard,
130 images of trash, and 594 images of paper.

To assess how background context influences
classification performance, the original dataset was
duplicated and further processed by removing
background components using the U*-Net (U2-Net)
model, a deep learning-based architecture designed for
salient object detection [25]. This study employed the
pretrained U2Net.pth model obtained from the official
GitHub repository (https://github.com/xuebingin/U-2-
Net). During the segmentation stage, each image was
resized to 320 x 320 pixels, converted into a grayscale
saliency map, and thresholded at 0.5 to produce a binary
mask. This mask was then used to isolate the foreground
waste object, while the background region was replaced
with a uniform white color using RGB values of 255,
255, and 255 to maintain visual consistency. Finally, all
processed images were resized to 224 x 224 pixels in
accordance with the input requirements of the CNN
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architectures used in this study. No manual correction
or morphological post-processing was applied,
allowing the preprocessing workflow to remain fully
automated and reproducible.

This preprocessing produced two dataset variants: one
with the original background and one with the
background removed. To maintain a fair comparison,
both dataset variants were divided using the same
training, validation, and testing proportions of 80%,
10%, and 10%, respectively. The data split was
generated with a fixed random seed of 42 using the
‘split-folders’ Python package. In total, the final dataset
consisted of 5,054 images, with each variant containing
2,527 images.

The decision to use six general waste categories was
based on the labeling structure provided in the publicly
available dataset. These categories are widely used in
prior waste classification research and represent high-
level distinctions that are practically relevant for real-
world sorting systems. More granular categorization
(e.g., subtypes of plastic or paper) was not applied due
to limited data availability and potential class
imbalance, which could bias model training and
compromise the study's primary focus—analyzing the
effect of image background on model performance.

2.2 Data Labelling

At this stage, the Kaggle dataset had been pre-annotated
by the dataset provider and categorized into six waste
classes: cardboard, glass, metal, paper, plastic, and
trash. Consequently, the dataset could be used directly
for model training without requiring any additional
labeling process. Figure 1 provides visual examples of
waste images in their original form with background,
while Figure 2 shows corresponding examples after
background removal using U?-Net [26]. Each figure
includes samples from different waste categories to
illustrate the preprocessing differences between the two
dataset variants.
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Figure 2. Waste image examples after background removal
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2.3. Data Sharing

In this phase, the annotated dataset was partitioned into
training, validation, and testing subsets. The training
subset was employed to fit the CNN model, the
validation subset was used to supervise and validate the
learning process, while the testing subset served to
evaluate the model’s final classification performance.
This division is performed using the split-folders
module in Python, with a particular seed [27], and
follows the general ratio of 8:1:1 [28]. The details of the
dataset-sharing settings using this module are provided
in Table 1.

Table 1. Splitolders Configuration

Parameter Mark
Division Type Ratio
Seeds 42
Training Ratio 8
Validation Ratio 1
Testing Ratio 1

After dividing the data according to the configuration in
Table 1, three datasets were produced: training,
validation, and testing. The details of this data are
explained in Table 2.

Table 2. Number of images in each training, validation, and testing

class
. Data Testing

Model Training Data Validation Data
Cardboard 322 40 41
Glass 400 50 51
Metal 328 41 41
Paper 475 59 60
Plastic 385 48 49
Trash 109 13 15
Total 2019 251 257

2.4 Data Augmentation

To improve the variability and representational richness
of the training data, data augmentation was applied
through a series of random image transformations. Prior
to this process, all images were resized to 224 x 224
pixels to ensure compatibility with the input
specifications of the CNN models. The augmentation
process included shear transformation, zooming,
horizontal flipping, rotation, height shifting, width
shifting, and brightness adjustment. Each image in the
training set was augmented once, effectively doubling
the training set size from 2,019 to 4,038 images.
Augmentation was applied uniformly across all six
waste classes to maintain class balance and prevent
bias.

Alongside data augmentation, dropout regularization
and early stopping strategies were incorporated during
model training to mitigate overfitting and improve the
model’s generalization capability. The model’s
generalization capability was monitored through its
performance on the validation and testing sets. These
combined strategies ensured that the relatively small
dataset could still support robust and reliable model
training. Figure 3 illustrates various data augmentation
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techniques applied to images from the metal category,
simulating different real-world visual conditions.

Train - metal

Shear - metal Zoom - metal Horizontal Flip - metal

Height Shift - metal Brightness - metal

Figure 3. Example of Metal Label Augmentation

These transformations were carefully chosen to
simulate common visual variations in real-world waste
images. For instance, rotation and flipping reflect
different object orientations, brightness adjustment
simulates lighting changes, and shifting or zooming
mimics differences in object scale and positioning.

The application of data augmentation exposed the CNN
architectures to a wider variety of visual patterns,
thereby improving model generalization. This was
reflected in the training curves, which showed
decreased validation loss and reduced discrepancies
between training and validation performance,
indicating Dbetter control of overfitting. Such
improvement was especially relevant for models trained
using background-free images, as these datasets may
contain less contextual information.

2.5 Classification Architecture for Images

Image-based waste recognition plays a significant role
in advancing waste management and recycling systems
[6]. This process focuses on detecting and classifying
different waste types from image data, which can
enhance operational efficiency in waste sorting and
automated recycling applications [29]. Accordingly,
this study applies two CNN architectures, MobileNetV2
and DenseNet169, to assess their performance in
classifying waste images according to predetermined
categories.

Figure 4 shows the MobileNetV2 architecture, which is
a compact and efficient convolutional neural network
model specifically designed to support implementation
on mobile and resource-constrained devices [6]. The
model employs an inverted residual bottleneck design
integrated with depthwise separable convolutions,
allowing computational complexity to be substantially
reduced while maintaining classification accuracy. This
architectural design enables MobileNetV2 to achieve
high image classification performance while
maintaining  fast  inference  speeds  [29-31].
MobileNetV2 is suitable for applications on devices
with limited resources [18].
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Figure 5 illustrates the architecture of DenseNet169, a
deep CNN that enhances information flow by
establishing direct connections between all layers in a
feed-forward manner [33], [34]. This design facilitates
efficient gradient propagation during training and
encourages feature reuse, which contributes to
improved performance in image classification tasks
[21]. By enabling deeper feature learning, DenseNet169
achieves  high  accuracy while  maintaining
computational efficiency. Due to these advantages, it is
particularly suitable for applications requiring robust
feature extraction and high classification precision [6],
[35].

2.6 Evaluation

In this phase, CNN model performance was evaluated
using two complementary metrics: the confusion matrix
and the Receiver Operating Characteristic—Area Under
the Curve (ROC-AUC). These methods were applied to
obtain a more rigorous and comprehensive assessment
of the models’ classification ability. The confusion
matrix served to evaluate classification performance by
contrasting the predicted outputs with the actual class
labels [23]. It was constructed from the model
evaluation results on the dataset that had been divided
into 80% training data, 10% validation data, and 10%
testing data. This matrix enabled a systematic
comparison between predicted classes and ground-truth
labels [36]. The confusion matrix structure is presented
in Table 3.
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Table 3. Confusion Matrix [37]

True False
True TP FP
Correct result Unexpected result
False FN TN

Correct absence of
result

Missing result

True Positive (TP) represents the condition in which a
model correctly predicts an instance as positive, while
True Negative (TN) denotes the correct classification of
an instance as negative. By contrast, False Positive (FP)
refers to the misclassification of a negative instance as
positive, whereas False Negative (FN) describes the
misclassification of a positive instance as negative.
Based on the confusion matrix, several key evaluation
measures can be computed to assess classification
performance, namely accuracy, precision, recall, and
F1-score, as presented in Equations 1-4.

(TP + TN)

Accuracy = ot (1)
Precision = ﬁ (2)
Recall = ﬁ 3)
Fi score =2 Rtz e @

The Receiver Operating Characteristic—Area Under the
Curve (ROC-AUC) is an evaluation measure that
indicates the ability of a classification model to
discriminate between positive and negative classes
within a dataset [38]. Following the training process,
the model produces probability estimates for the testing
data, which are subsequently used to construct the ROC
curve. In this study, the ROC-AUC curve was generated
by plotting the True Positive Rate (TPR) against the
False Positive Rate (FPR) using the roc_curve function
from the sklearn library [39]. The parameters applied in
this process were y_true, representing the actual class
labels of the testing data, and y_score, representing the
predicted probability scores. Accordingly, the ROC-
AUC curve serves as an important evaluation tool for
measuring classification performance while analyzing
the trade-off between model sensitivity and specificity
[38].

3. Results and Discussions

This research aims to determine whether the presence
of a background can increase the accuracy of image
classification. Therefore, two datasets are used: one
with a background and one without, to examine the
difference in their influence on classification accuracy.
This research will use two different CNN architectures,
MobileNetV2 and DenseNetl69, to compare their
performance in improving image classification
accuracy.

These two models will be trained using predetermined
parameters, as shown in Table 4.
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Table 4. Configuration of CNN Model Parameters.

Parameter MobileNetV2  DenseNetl169
Include_top False False
Weights Imagenet Imagenet
Number of neurons 64 64
Dense layer activation ~ Relu Relu
Optimizer Adam Adam
Learning Rate 0.001 0.001
Batch size 32 32
Epochs 20 20

The selected parameters provide a comprehensive
description of the model training configuration. To
evaluate the proposed model, the confusion matrix and
ROC-AUC curve were analyzed as complementary
performance assessment tools. This evaluation enables
a clearer understanding of the model’s capability in
classifying waste images and helps identify aspects that
require further optimization.
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Figure 6. Confusion Matrix Results

Figures 6 (a) MobileNetV2 Dataset Background, (b)
MobileNetV2  Dataset = Non-Background, (c)
DenseNet169 Dataset Background, (d) DenseNetl169
Dataset Non-Background display the results of the
confusion matrices from two datasets applied with the
MobileNetV2 and DenseNet169 algorithms. Table 5
presents a comparative summary of F1-scores across six
waste categories, evaluated wusing two CNN
architectures, MobileNetV2 and DenseNetl169, on
datasets with and without background. This table
provides a clear view of how the presence or absence of
background information influences model performance
at the class level.

Table 5. F1-Score Comparison by Class

Class MobiNet  MobiNetV2  DenseNet  DenseNetl
V2 (BG) (No BG) 169 (BG) 69 (No BG)
Cardbo 89.16% 90.00% 93.83% 90.48%
ard
Glass 82.22% 76.09% 90.38% 79.59%
Metal 82.22% 77.42% 85.71% 72.92%
Paper 86.40% 88.52% 91.53% 90.16%
Plastic 84.54% 77.55% 84.21% 76.92%
Trash 68.97% 55.17% 75.00% 43.48%
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As shown in Table 5, the DenseNet169 model generally
achieves higher Fl-scores than MobileNetV2,
exceptionally when trained on the background-
inclusive dataset. These results suggest that deeper
models, such as DenseNet169, can better leverage
contextual background cues to enhance classification
accuracy, especially for visually ambiguous classes like
trash and glass. The F1-score values were derived from
confusion matrices and classification reports, offering a
balanced measure of precision and recall across all
experimental conditions.

Table 6. Comparison of Results with Background Dataset.

Methods Accuracy  Precision  Recall F1-
Score
MobileNetV2  0.8405 0.8307 0.8223  0.8225
DenseNet169  0.8833 0.8634 0.8738  0.8678

Table 7. Comparison of Results with Non-Background Datasets.

Methods Accuracy  Precision  Recall F1-
Score
MobileNetV2  0.8054 0.7812 0.7752  0.7746
DenseNetl69  0.8054 0.7826 0.7516  0.7559
Tables 6 and 7 compare the performance of

MobileNetV2 and DenseNet169 in terms of accuracy,
precision, recall, and F1-score using both background
and non-background image datasets. The highest
classification accuracy was 88.33%, achieved by the
DenseNet169 model on the background dataset. These
findings suggest that the evaluated models
demonstrated generally robust performance across
multiple evaluation metrics and dataset conditions.

Figure 7 presents the accuracy, precision, recall, and
Fl-score obtained from a single train-validation-test
partition. While these findings suggest promising
classification performance, particularly for the
DenseNet169 model trained on background images, the
results should be interpreted with caution due to their
dependence on a single data split. Future experiments
should incorporate multiple runs with varying random
seeds and report both the average scores and standard
deviations. Such an approach would strengthen the
robustness of the evaluation and provide a more reliable
indication of model consistency and generalizability.

Result Comparison

0,9

0,8
0,7
0,6
0,5
MobileNetV2 DenseNet169
Background Background
B Accuracy Precision ~®Recall ®F1-Score

Figure 7. Results Comparison

The subsequent analysis examines the class-level
recognition capability of the evaluated models. The
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ROC-AUC curve is used to assess how effectively each
model discriminates between waste categories. For
clearer interpretation, the ROC-AUC results shown in
Figures 8a—8d are converted into tabular form, allowing
the AUC values for each waste type identified by
MobileNetV2 and DenseNetl169 to be compared more
systematically.

Receiver Operating Characteristic Curves Receiver Operating Characteristic Curves.

cardboard (area = 0.99)
97

Figure 8. ROC-AUC Curve Results

The discrepancy between AUC and accuracy arises
from the different aspects of model performance
captured by these metrics. Accuracy reflects the
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percentage of samples assigned to the correct class,
whereas AUC evaluates the model’s discriminatory
ability by measuring how well it ranks class
probabilities. In multiclass classification tasks,
particularly when the dataset is imbalanced, a model
may obtain only moderate accuracy but still
demonstrate strong separability between classes, which
is represented by relatively high AUC scores.

In this research, the macro-averaged AUC was
calculated using a one-vs-rest (OvR) framework for all
six waste classes. Under this procedure, each class is
individually treated as the positive class, while all
remaining classes are grouped as negative. This
approach supports a fairer class-level comparison
because it reduces the influence of unequal class
distributions. Consequently, higher AUC scores suggest
that the models can assign relatively higher probability
rankings to the correct class, even when the final
predicted labels are not always accurate. As reported in
Table 8, the DenseNetl69 model trained with
background images shows the most consistent and
superior performance in discriminating among waste
categories compared with the other model
configurations. This result aligns with prior research
[39], which confirms that the higher the ROCAUC
value approaches 1, the better the model is at
distinguishing between classes.

Table 8. ROC-AUC Model Curve Results.

Method Cardboard Glass Metal Paper Plastic Trash
Mobilenetv2 Backgrounds 0.98 0.98 0.97 0.97 0.97 0.98
Mobilenetv2 Non-background 0.99 0.97 0.97 0.98 0.95 0.96
Densenet169 Backgrounds 0.99 0.99 0.98 0.98 0.97 0.98
Densenet169 Non-background 1.00 0.98 0.97 0.99 0.96 0.95

The results from both evaluation methods indicate that
the DenseNet169 model using the background dataset
produced the best overall performance among the
evaluated models. The confusion matrix confirms this
result, with the model attaining an accuracy of 88.33%.
In addition, the ROC-AUC analysis demonstrates
strong discriminatory capability across all waste
categories, with AUC scores of 0.99 for cardboard, 0.99
for glass, 0.98 for metal, 0.98 for paper, 0.97 for plastic,
and 0.98 for trash.

This superior performance is closely linked to the
inherent strengths of the DenseNet169 architecture.
DenseNet169 uses dense connections, where each layer
receives input from all preceding layers. This facilitates
better feature reuse and gradient flow, allowing the
network to learn richer representations, especially in
tasks involving subtle differences between visual

classes. Compared with MobileNetV2, which
prioritizes efficiency and compactness through
depthwise separable convolutions and inverted

residuals, DenseNet169 can better capture complex
patterns in high-dimensional image data.

Moreover, considering that waste images, especially
those with a background, often include fine-grained

textures, lighting variations, and overlapping visual
elements, DenseNet’s ability to preserve and integrate
hierarchical features across layers becomes a distinct
advantage. While optimized for speed and low
computational cost, MobileNetV2 may lose critical
spatial detail due to its lightweight design [6]. The
trade-off inherent in these architectural designs helps
account for the differences in model performance,
especially with respect to accuracy and F1-score.

These findings further reinforced by the overall
evaluation of background usage. In testing two
Convolutional ~ Neural = Network  architectures,
MobileNetV2 and DenseNet169, the use of background
datasets was shown to improve model accuracy in
classifying waste. The test results confirm that the
DenseNet169 model with background data achieved the
highest accuracy, with an improvement of
approximately 8% compared with its non-background
counterpart. The diagram in Figure 9 clearly illustrates
that incorporating background consistently enhances
the classification performance of both models.

In addition to accuracy, background removal has
potential implications for computational efficiency.
Images without a background typically contain less
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visual complexity and noise, thereby reducing the
computational burden during feature extraction. This
simplification may benefit lightweight models, such as
MobileNetV2, in terms of faster training and inference.
However, in this study, computational performance
metrics such as training time and memory usage were
not systematically recorded. Therefore, further
background investigation is needed to quantitatively
evaluate whether background removal contributes to
efficiency gains without sacrificing classification
performance.

M Background Non-Background

80 54%
i

MOBILENETV2 DENSENET169

Figure 9. Comparison of the accuracy of MobileNetV2 and
DenseNet169 on background and non-background datasets

The success of DenseNet169 with a background dataset
in this research is not only visible from its high accuracy
rate in Figure 9, but also supported by its unique
architectural design. The DenseNet169 architecture
uses information from various complex features
through dense connections between its constituent
layers [34]. Additionally, the presence of background
information in the dataset aids the classification
process.

The background information in the dataset provides
additional context to increase the accuracy of waste type
identification [40]. The background can provide clues
about the environment or visual texture to support the
model in distinguishing waste types [41]. While
removing the background can theoretically encourage
the model to concentrate on the main visual
characteristics of the waste object, this process may also
discard valuable contextual information that contributes
to more accurate classification [42].

Accordingly, retaining image backgrounds in the
dataset can provide supplementary contextual benefits
for garbage classification in both DenseNet169 and
MobileNetV2  architectures.  This finding s
strengthened through comparison with prior studies that
applied DenseNet169, as presented in Table 9.

Table 9. Comparison of Research Results with Previous Research.

Study Number of Class Accuracy
Datasets

This research 2527 6 88.33%
(Zeng et al., 2020) 10224 10 96.35%
(Zhang et al., o
2021) 18911 5 82.8%
(Ahmed et al., o
2023) 5000 5 94.4%
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Based on the results shown in Table 8, the findings
suggest that the model used in this study achieved an
accuracy level that aligns with those reported in
previous studies. Although it does not achieve the
highest accuracy as research by [19], which reported an
accuracy of 96.35%, the accuracy results obtained are
still competitive and in line with previous research.

Prior studies have consistently shown that the size and
diversity of datasets, as well as the number of waste
categories, significantly influence model performance.
Larger datasets with more granular class distinctions
facilitate better generalization by exposing the model to
a broader range of features. However, factors such as
preprocessing quality, parameter tuning, and overfitting
control also play critical roles in determining the
accuracy of the final results.

Beyond quantitative metrics, the study's findings offer
practical implications for real-world deployment. The
superior performance of DenseNet169 on background-
inclusive images suggests its suitability for integration
into automated waste management systems, such as
smart recycling stations or conveyor-based sorting lines
equipped with camera sensors. Such systems could
benefit from the model’s capacity to perform high-
precision waste classification in real time, thereby
improving overall operational efficiency. Meanwhile,
despite its comparatively lower accuracy, MobileNetV2
offers notable computational advantages, making it
appropriate for deployment in mobile or embedded
environments, including portable waste scanners and
IoT-enabled smart bins for distributed waste
monitoring. This observation aligns with recent studies
[43-45] that emphasize the trade-off between helpful
contextual cues and harmful background bias in CNN-
based visual classification. These works highlight that
while context can assist recognition, it may also
introduce shortcuts that reduce model generalization,
particularly in transfer learning scenarios. Future
research should further investigate model robustness
under heterogeneous environmental settings, including
changes in illumination, image resolution, background
clutter, and the presence of motion blur. Increasing
dataset diversity by incorporating a wider range of
waste categories and assessing newer CNN
architectures, including EfficientNet and hybrid
models, could further improve classification accuracy,
robustness, and scalability.

It is important to acknowledge that the evaluation
outcomes presented in this study were based on only
one train-validation-test split, with proportions of 80%,
10%, and 10%, respectively, generated using a fixed
random seed. While this setup allows for a controlled
comparison between model variants under consistent
conditions, it does not account for variability introduced
by different data partitions. Therefore, the observed
differences in performance should be interpreted with
caution. As highlighted in recent [46], even minor
variations in dataset composition can lead to
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performance fluctuations, especially when the model is
sensitive to background features. To strengthen the
reliability of the findings, subsequent experiments
should include multiple training iterations using
different random seeds and report the averaged results
accompanied by standard deviation values. Moreover,
future research should explore more diverse and larger
datasets better to reflect real-world variability in waste
types and imaging conditions. This includes testing
model robustness under cross-domain scenarios, such
as using images from different geographic regions,
lighting environments, or camera types, which would
assess generalization beyond the training domain.
Evaluating the impact of synthetic data augmentation
and semi-supervised learning approaches may also
provide scalable strategies for improving performance
in data-limited situations. Such directions strengthen
the applicability of deep learning models in practical,
heterogeneous deployment environments.

4. Conclusions

The findings of this study indicate that the inclusion of
background information in image datasets contributes
meaningfully to improving deep learning-based waste
classification performance. Among the evaluated
models, DenseNet169 trained on the background
dataset produced the best result, achieving an accuracy
of 88.33% and outperforming both MobileNetV2 and
the models trained on background-free datasets. This
result emphasizes the role of contextual visual cues in
supporting more accurate classification. The superior
performance of DenseNetl69 can be attributed to its
dense connection mechanism, which facilitates richer
feature propagation and more effective representation
learning. Moreover, its high precision, recall, and F1-
score demonstrate its potential applicability in real-
world intelligent waste management systems.

Further research could explore the effect of additional
background diversity on classification across broader
waste categories and more complex datasets.
Expanding the dataset with more varied waste types and
refining models with advanced data augmentation
techniques could yield more accurate and robust
systems. Moreover, testing alternative architectures and
hybrid models may enhance classification efficiency
and scalability in resource-constrained environments.
While this study demonstrates that background-
inclusive images enhance classification performance,
the improvement may be partially due to the model's
reliance on contextual cues rather than genu ine object
recognition. Since no specific experiments, such as
background randomization, saliency mapping, or
counterfactual testing, were conducted to isolate or
visualize this potential bias, the findings should be
interpreted with caution. Acknowledging this limitation
is essential to avoid overgeneralization and guide future
work toward more interpretable and generalizable
waste classification models.
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