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Abstract

Waste management requires the effective prediction and
classification of waste in order to aid in effective planning
and sustainable decision making. As the waste streams
can be heterogeneous in nature and can exhibit different
kinds of data patterns, there cannot always be an optimal
model to predict or classify every kind of waste stream. In
this study, we have performed a comparative analysis
between various statistical and machine learning models
used in waste management. Traditional time-series
models like Error-Trend-Seasonality (ETS) and Auto
Regressive Integrated Moving Average (ARIMA) have
been compared with modern machine learning techniques
like Random Forest (RF), XGBoost, LSTM networks, and
a CNN VGGI16 transfer learning technique used for
image classification of wastes. The effectiveness of the
different models has been measured using common error
measurement metrics like Mean Absolute Error (MAE),
Root Mean Squared Error (RMSE), and Area Under the
Curve (AUC). Although in cases where temporal patterns
are well defined, ARIMA outperforms ETS, it is observed
that machine learning models perform much better due to
their ability to capture non-linear relationships in data.
Hence, it is clear that the choice of models needs to be
made depending on the nature of data itself.
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1. Introduction

A number of factors like the rapid growth of urban
population, alteration in consumer behavior and
industrialization have brought about an increasing amount
of solid waste being generated globally. Effective waste
management has thus become an important issue in both
environmental and socio-economic terms. An important
factor that needs consideration for efficient waste
management systems includes the proper prediction and
classification of waste as misclassification affects waste
recycling and disposal, and causes environmental pollution.
Data-driven approaches provide reliable means to address
the problem.

Manual sorting techniques have been the main source of
waste classification and statistical modeling, the main
approach used in waste forecasting in traditional waste
management systems. However, manual sorting techniques
are not only costly but unreliable when dealing with large
populations, while ETS and ARIMA models have been
used extensively in predicting future waste generation.
Although such models demonstrate sufficient efficiency in
predicting waste flows, which demonstrate stable
regularities, they tend to show low effectiveness when
working with inconsistent, nonlinear, or highly dynamic
time series, typical for waste generation.

The development of the field of machine learning (ML) and
deep learning (DL) allowed discovering new possibilities
for improving existing waste management systems. ML
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techniques like RF and XGBoost possess the ability to
work with non-linear correlations and noise better than
classical methods do. At the same time, LSTM models
proved to be rather effective in forecasting based on the
temporal structure of time-series. As for CNN models with
transfer learning like VGGI16, they showed outstanding
results in image classification, thus allowing waste
segregation from images automatically and consistently.

However, despite the growing popularity of these models,
scientific studies demonstrate that none of them provides a
better result regardless of the data used and type of waste
considered. Indeed, the performance of the models is
greatly dependent on the peculiarities of the dataset and
type of waste flow to consider. Thus, the necessity to carry
out a thorough comparative study of statistical and machine
learning models with regard to various evaluation measures
becomes clear. This implies that the current research will
help understand if certain models are able to yield better
outcomes in prediction or classification tasks related to
solid waste flows.

IL. LITERATURE REVIEW

The topic of waste management has attracted many
scientists' attention since it has a great impact on
environmental, economic and public health aspects. The
accurate classification and predicting of waste could
contribute to the increasing effectiveness of recycling, more
effective allocating of resources, and lower reliance on
landfill. In the first papers devoted to waste management
researchers applied only some statistical time series models
to study the issue and make predictions. Among those
ARIMA and ETS models became popular due to simple
interpretation and possibility to explore relationships
between past and present data in the framework of a linear
model. Both mentioned models showed a rather high
efficiency in studying steady streams of waste, such as
domestic and commercial waste.

Several papers highlight drawbacks of using traditional
models for forecasting the volume of waste. There are a lot
of factors that could influence the process of waste
generating. They include population growth, economic
activity, season change, and policy. Such processes lead to
the presence of nonlinearity and non-stationarity in data.
For this reason, a forecast error will be rather high if one
uses statistical models. Thus, the practical use of this
technique may become inefficient.

In recent years there appeared several studies that
investigate possibilities of machine learning models' using
in waste forecasting. Such growth is quite understandable
since machine learning models have a potential to discover
nonlinearity and handle big and noisy data samples. The
algorithm of RF or XGBoost ensembles allows predicting
and classification of various kinds of waste. It involves
creating several decision trees to improve forecasting
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accuracy by learning complicated dependencies between
features. Ensembles have shown to operate better than
other traditional methods in the case of heterogeneous
waste.

There exists another approach to forecasting the volume of
waste — long short-term memory neural networks. Such
models belong to recurrent neural network families and
enable modeling of dependencies between temporal
sequences. Thus, LSTM is quite effective for learning
complicated sequences. There are claims saying that LSTM
gives more precise forecasts than classical time series
models.

Imagery as an approach to waste segregation has also been
studied in the context of machine learning. Many
researchers tried to apply such neural networks as CNNs to
automatize and regularize the process of waste sorting by
means of identifying discriminative visual characteristics.
The application of transfer learning technologies, which are
based on pre-trained architectures like VGG16, helps
classify images with high accuracy without increasing time
or the number of data required for training. With
automation, sorting of waste becomes faster, efficient, and
requires minimum involvement of manpower.

Although there have been many developments in
technology used for waste sorting, it appears from existing
literature that the success of modeling highly depends on
the features of data. No modeling technique has been
proven to work in optimal manner in all cases and for all
types of wastes. This clearly shows the necessity for
conducting comparative research of several modeling
techniques regarding their appropriateness for particular
situations using uniform data sets.

III. SYSTEM DESIGN AND
IMPLEMENTATION

A. System Design

The proposed system will utilize a deep learning
architecture that optimizes the classification of waste
images. This system will have various modules, which will
perform different functions in the classification process.
The proposed system will be scalable and effective in
handling high-dimensional waste images. The proposed
system will employ an architecture consisting of modules
performing different functions. The system consists of six
modules, including the data acquisition module,
preprocessing module, deep learning model module,
optimization module, prediction module, and user interface
module. These modules will work sequentially to ensure
successful and accurate classification of waste images into
different categories like biodegradable, recyclable, and
non-biodegradable waste. The proposed architecture
supports both training and deployment processes. The
training process will involve the learning of patterns from
different image datasets labeled according to waste
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categories. The deployment process involves integrating
the model into a web application for real-time classification
of uploaded images.

B. System Architecture
Layers involved in the architecture of the system:

Input Layer

This layer takes input of the images of wastes uploaded by
users on the application or collected from datasets such as
Kaggle waste classification datasets. This input includes
various types of wastes captured under various
environmental conditions.

Processing Layer

The processing layer does preprocessing tasks such as
resizing of the input images, normalization, and reduction
of noise in the input data.

Deep Learning Layer

This layer contains the optimized architecture of the
VGG-16 network for feature extraction and classification.
Transfer learning technique is utilized by pretraining the
model using ImageNet dataset.

Optimization Layer

This layer optimizes the performance of the deep learning
model using hyperparameters. Learning rate, batch size,
number of neurons, and activation function are among
some of the important parameters.

Output Layer

This layer outputs the predicted class label for each input
waste image alongside a probability score.

User Interface Layer

Flask framework is used for implementation of the UI layer
of the proposed waste classification application.

C. System Modules

Module for Acquiring Data

This module acquires labeled datasets of waste images.
These datasets contain thousands of images that are
segmented according to different types of waste. It contains
two subsets: one for testing and another for training
purposes.

Its function is to Acquire waste image datasets, Categorize
images based on labels and Partition data into test and train
sets.
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Module for Pre-processing of Data

The preprocessing module transforms the raw image data
into an appropriate format before its use in model training
and prediction. This process aims at increasing efficiency
and improving classification results.

It performs Image size reduction to 224x224 pixels,
Normalization of pixel values, Augmentation through
rotation, flipping, scaling, and Removal of noise.

Module for Feature Extraction

The feature extraction module uses a VGG-16
Convolutional Neural Network (CNN) architecture to
automatically generate features from the input data.
VGG-16 CNN is made up of 13 layers for convolution, 5
layers for pooling and 3 layers for full connection.

Its purpose is to Extract relevant features, Avoid manual
feature selection, and Increase classification efficiency.

Module for Model Training and Optimization

The model training module involves the use of the acquired
labeled data for training purposes. Transfer learning
technique is applied through loading the weights of
pretrained models from the ImageNet dataset.

Some optimization strategies are also used.

Techniques used:  Transfer learning,  Dropout
regularization, Early stopping, Hyperparameter tuning,
Learning rate adjustment

Prediction Module
The prediction module uses the trained model to classify
new waste images uploaded by users.

Steps: Load trained model weights, Preprocess uploaded
image, Perform classification, Generate probability score,
Display prediction result.

Output Example:
Organic — 0.94
Recyclable — 0.06

User Interface Module
The user interface module enables interaction between
users and the classification system. It is implemented using
a Flask web framework.

Features: Ability to upload images, Instantaneous results
shown, Intuitive design, Local installation option.

Implementation: For the creation of a system for
automatic detection of wastes based on VGG-16 CNN,
Python language and deep learning technologies are
utilized.

Programming Language: Python

Libraries and Tools Used: TensorFlow, Keras, NumPy,
Pillow, Matplotlib, Seaborn, Flask
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Iv. METHODOLOGY

The proposed methodology focuses on development of a
deep learning model that is capable of classifying images of
waste using the VGG-16 neural network. It includes four
main stages: dataset collection, data preprocessing, model
building, and evaluation of results. All of these stages are
crucial for effective image classification.

Dataset Collection

In this research project, a dataset was obtained from public
sources. The dataset contains images of wastes that are
either organic or recyclable. The former refers to such
waste as food scraps, fruits, biodegradable materials, while
the latter involves plastic materials, paper products, and
other things that can be reused and recycled.

The collected dataset is quite large and provides sufficient
material for training purposes. It can be divided into
training data, which will be used to train the deep learning
model, and testing data, used for assessing its performance.
In order to estimate the number of objects belonging to
each category in the dataset, the number of images for both
classes was calculated.

As a result, the following information was obtained: 55.7%
of all images belonged to the organic class while 44.3%
belonged to the recyclable one. As this dataset is relatively
well-balanced, biases should not affect the classification
negatively. All the pictures were placed in directories
accordingly.

Figure: Sample images from the waste classification
dataset showing Organic (O) and Recyclable (R) classes

Data Preprocessing

It is crucial to apply data preprocessing techniques on raw
images to train the deep learning model. Data
preprocessing involves standardization of image sizes and
enhancement of their quality to optimize performance of
the model.

The following techniques of image preprocessing were
used:
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Image Resizing

Input images have been resized to 224 x 224 pixels to
match the input size requirements of the neural network
architecture, which is equal to the size of images required
in the VGG-16 architecture.

Normalization

Images were normalized to standardize pixel values and
ensure that the training algorithm converges faster.

Data Augmentation

Techniques of data augmentation were applied to increase
the variety of the training images and minimize risk of
overfitting. The types of data augmentation included:

Rotation, Horizontal flipping, Zooming, Image shifting

Data Augmentation helps simulate reality in images and
improve the generalization capability of the model.

Dataset splitting

The database has been split into training and validation
datasets to facilitate monitoring of the training progress.

Development of the waste classification model

The waste classification model has been developed by
implementing a deep convolutional neural network based
on the VGG-16 architecture. Pretrained weights of the
VGG-16 model based on ImageNet have been used to
benefit from transfer learning.

Initial layers of the pretrained VGG-16 model were frozen
while new fully connected layers were added to develop a
custom architecture that would be able to classify waste
images.

Model training includes optimization of network
parameters through a particular optimization algorithm and
loss function.

Model Training Configuration:

Optimizer: Adam

Loss Function: Categorical Cross-Entropy
Number of Epochs: 15

Activation Function: ReLU

Output Layer Activation: Softmax
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Early Stopping was implemented to stop the model if it has
found the right solution. The model learned to extract
useful features from images during its training and
therefore could accurately classify new input images.

TRAIN Data Class Distribution
o

Figure : Distribution of training dataset across Organic
and Recyclable classes

A. Performance Evaluation

The performance of the proposed model was evaluated
using standard classification metrics to measure its
accuracy and reliability. These metrics provide quantitative
insights into the effectiveness of the waste classification
system.

The following evaluation metrics were used:

Accuracy

Accuracy measures the proportion of correctly classified
images out of the total number of predictions. Accuracy
indicates the overall performance of the classification
model.

Model Accuracy

— Train
0.904 —— Validation

0.89

0.88

Accuracy

0.87

0.86

0.85

T T T T T T
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Figure Comparison of training and validation accuracies

for the VGG-16 model at various epochs.
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Loss

The loss is a measure of discrepancy between the actual
values of labels and those predicted by the model. A
decrease in the loss function during training indicates an
increase in performance. The curves were used to assess
model convergence and overfitting.

Model Loss

0.36 4 —— Train

—— Validation

0.34 4

0.329

2 0.30 A

0.28 4

0.26 4

0.241

0.0 0.5 10 15 2.0 2.5 3.0 35 4.0
Epoch

Figure Comparison of training and validation losses for the
VGG-16 model during training.

Precision

Precision measures the ratio of correctly predicted positive
cases to total predicted positives. This metric determines
the quality of results achieved.

Recall
This metric assesses the proportion of correct predictions of
positive instances out of actual positives.

F1-Score

F1-Score refers to the harmonic mean of precision and
recall. Fl-score serves as an effective model evaluation
technique, particularly when working with imbalanced data
distributions.

Training Performance Monitoring

The performance of the created model was analyzed using
accuracy and loss graphs. Training accuracy has been
observed to steadily increase, while the loss value
decreases accordingly, pointing to successful learning and
model convergence.

Therefore, these evaluation results confirm the
effectiveness of the suggested deep learning model in the
context of waste classification. It becomes possible to train
this algorithm in the required way in order to make the
necessary visual feature extraction and accurate
predictions.
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V. CHALLENGES AND LIMITATIONS

The implementation of the proposed waste classification
system using the VGG-16 deep learning approach
encounters several challenges impacting its performance
and scalability. First, real-life images vary significantly due
to different lighting conditions, complex backgrounds,
multiple orientations, and partial occlusions of waste
objects. Such challenges can result in difficulties in feature
extraction from images that were absent in the training set.
Moreover, the performance of deep learning approaches
largely depends on the quality and diversity of the training
dataset, which is limited in case of lack of appropriate
images. In turn, the model will show poor classification
performance and low generalizability in case of the class
imbalance issue in the training set.

Secondly, another challenge associated with deep
convolutional neural networks is the required
computational resources, both memory and processing
power. Training of deep CNNs requires vast amounts of
computations that can take much time in case of using
CPU. This becomes an obstacle for application of deep
learning algorithms in low-performance computing
environments. Finally, even though the current model
shows satisfactory classification accuracy for binary classes
like organic and recyclable wastes, it will face difficulties
in case of multi-class classification tasks. The proposed
approach also lacks inclusion of any other parameters
related to material composition and additional sensors in
order to improve classification results. Future research
should therefore be aimed at increasing the diversity of the
dataset, optimizing computational requirements, and
creating a multi-class classification model.

APPLICATIONS OF PROPOSED METHODOLOGY

There are multiple potential applications of the proposed
waste classification system for current practice. For
example, the proposed method can be implemented in
smart recycling plants in order to automate the waste
sorting process and reduce the number of necessary
employees. Secondly, municipal authorities responsible for
waste management can implement the proposed model for
improving the segregation process of waste in residential
zones. Thirdly, the proposed method can be applied by
environmental organizations in educational institutions in
order to increase awareness of people about waste
segregation and recycling. Fourthly, the proposed system
can be used together with IoT devices for automated
sorting of the collected waste at home and in public spaces.

VL CONCLUSION

This study introduced an efficient deep learning-based
waste classification system using a customized and
optimized VGG-16 convolutional neural network. This
model leverages transfer learning to use the learned
features from large-scale datasets for effective feature
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extraction and classification performance. As it can be seen
from the analysis of experimental results, the model
demonstrates a consistent learning process characterized by
an increase in training accuracy and decreasing losses.
Additionally, taking into account the rather balanced nature
of the selected training dataset, the model works
effectively, providing appropriate prediction accuracy and
consistency. These results confirm that the optimized
architecture of the neural network is effective for
processing multi-dimensional images and making accurate
classifications.

On the one hand, this experiment proves that the created
waste classification algorithm demonstrates good technical
properties and achieves consistent results throughout the
process. On the other hand, the experiment under
discussion reveals the significance and potential
applications of artificial intelligence to environmental
issues. As a matter of fact, automatic classification systems
may minimize the need to perform such tedious, laborious
and sometimes dangerous processes as manual sorting.
Therefore, it is possible to use such models to improve the
recycling process and introduce sustainable environmental
practices to this area.

In addition, it can be argued that machine learning
techniques have a great potential in terms of solving
various image classification problems. Specifically, in the
context of the current research, it has become possible to
see that the algorithm used to work with images in the
discussed way is very flexible and adaptive. Since the
current system is highly modular and customizable, it can
be updated, expanded, and improved in the future, such as
adding more classes to the training dataset.

Therefore, the studies in this area can be continued further
by improving existing solutions in terms of performance,
efficiency, and capabilities.

In conclusion, the performed experiments prove that
optimized deep convolutional neural network architectures
such as VGG-16 serve as the base for effective and
efficient waste classification models. Overall, , the current
research serves as the basis for innovative developments in
the field.

REFERENCES

[1] K. Simonyan and A. Zisserman, “Very Deep
Convolutional Networks for Large-Scale Image
Recognition,” International Conference on Learning
Representations (ICLR), 2015.

[2] Kirizhevsky, 1. Sutskever, and G. E. Hinton, “ImageNet
Classification with Deep Convolutional Neural
Networks,”  Advances in  Neural Information
Processing Systems, vol. 25, pp. 1097-1105, 2012.

[3] C. Szegedy et al., “Going Deeper with Convolutions,”
Proceedings of the IEEE Conference on Computer

https://www.ijctjournal




"1 International Journal of Computer Techniques — 1IJCT Volume 13 Issue 5, October 2026

Vision and Pattern Recognition (CVPR), pp. 1-9,
2015.

[4] K. He, X. Zhang, S. Ren, and J. Sun, “Deep Residual
Learning for Image Recognition,” IEEE Conference
on Computer Vision and Pattern Recognition (CVPR),
pp. 770-778, 2016.

[S] J. Deng et al., “ImageNet: A Large-Scale Hierarchical
Image Database,” [EEE Conference on Computer
Vision and Pattern Recognition, pp. 248-255, 2009.

[6] L. Goodfellow, Y. Bengio, and A. Courville, Deep
Learning. Cambridge, MA: MIT Press, 2016.

[71 F. Chollet, “Keras: The Python Deep Learning
Library,” Astrophysics Source Code Library, 2015.

[8] M. Abadi et al., “TensorFlow: Large-Scale Machine
Learning on Heterogeneous Distributed Systems,”
Proceedings of the 12th USENIX Symposium on
Operating Systems Design and Implementation, pp.
265-283, 2016.

[91 S. Thung and M. Yang, “Classification of Trash for
Recyclability Status,” Stanford University Project
Report, 2016.

[10] G. Yang and T. Thung, “Automatic Classification of
Waste Materials Using Deep Learning,” Journal of
Environmental Informatics, vol. 34, no. 2, pp. 1-10,
2019.

[11] M. R. Abdallah et al., “Waste Management Using
Machine Learning Algorithms: A  Review,”
Environmental Science and Pollution Research, vol.
28, pp. 1-15, 2021.

[12] S. Sultana, M. S. Rahman, and M. S. Islam, “Waste
Classification Using Convolutional Neural Networks,”
International Journal of Computer Applications, vol.
178, no. 7, pp. 22-27, 2019.

[13] H. Zhang et al., “Deep Learning-Based Waste
Classification for Smart Waste Management,” Sensors,
vol. 21, no. 3, pp. 1-15, 2021.

[14] N. O. O. A. Algahtani and M. M. H. Rahman, “Smart
Waste  Classification Using Deep Learning
Techniques,” IEEE Access, vol. 9, pp. 1-10, 2021.

[15] R. Girshick, “Fast R-CNN,” [EEE International
Conference on Computer Vision (ICCV), pp.
1440-1448, 2015.

[16] T. Chen and C. Guestrin, “XGBoost: A Scalable Tree
Boosting System,” Proceedings of the 22nd ACM
SIGKDD International Conference on Knowledge
Discovery and Data Mining, pp. 785-794, 2016.

[17] D. P. Kingma and J. Ba, “Adam: A Method for
Stochastic Optimization,” International Conference on
Learning Representations (ICLR), 2015.

ISSN: 2394-2231 https://www.ijctjournal.org Page 611 of 611



