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Abstract: The anti-plastic model is a conceptual 

structure with the goal of reducing and eliminating 

plastic. materials while promoting more environmentally 

friendly substitutes. The model, which is based on the 

maxim” reduce, reuse, and recycle,” stresses the 

significance of both individual and group action in 

addressing the issue of plastic waste. The anti-plastic 

paradigm essentially calls for a move away from single-

use plastic items like straws, utensils, and packaging in 

favor of more robust and environmentally friendly 

materials like glass, metal, and natural fibers. This shift 

can be aided by a mix of legislative actions, such as taxes 

and bans on plastic bags, and public awareness efforts 

that highlight the advantages of reducing plastic waste. 

The anti-plastic model emphasizes the value of recycling 

and reusing plastic materials whenever feasible in 

addition to reducing plastic consumption. This can be 

accomplished by enhancing waste management systems, 

including composting facilities, and recycling initiatives, 

as well as by developing new plastic recycling technology. 

This model will detect the plastic and tell you the location 

on screen where identification of plastic can be done 

easily. 

1. INTRODUCTION 

Stable wastes are being a main hazard in environmental 
protection. In which plastics are being a extreme danger. 
Because its production rate is especially excessive and reusing 
of those plastics are low. Due to the fact plastic does no longer 
biodegrade or absorb lower back into the environment, it may 
linger in landfills for loads of years, breaking down into 
smaller and smaller debris called micro plastics. That’s why 
averting unmarried-use plastic and minimising the quantity of 
plastic we use is the unmarried best technique to keep plastic 
out of landfills and seas. Indonesia is the second-largest source 
of plastic pollutants inside the world, generating kind of 
24,500 lots of plastic waste in step with day. Irrational fabric 
control is the primary cause of intense waste production. A 
few plastics are unmarried-time usage plastics which may be 
averted but some are extra difficult to avoid from our each day 
existence along with our cellular telephones and our 
automobiles and so forth. Whilst we cannot limit our plastic 
intake, we should think about methods to reuse it. The 3r 
initiative intends to promote the ”3rs” (lessen, reuse, and 
recycle) the world over so that it will create a sustainable 
fabric-cycle society by way of maximizing useful resource 
and cloth efficiency. The 3r’s precept mainly focuses on 

reusing, lowering waste and recycling assets. Lowering waste 
manner choosing things with care to lessen the waste 
produced. Reusing waste includes repeated utilization of the 
objects that are produced. Recycling the waste way the usage 
of it because the uncooked fabric for growing every other 
product. Non-waste generation (nwt) is targeted on heading 
off waste and maximising the use of simple materials. This 
involves a number of technological tactics that result in overall 
waste control and removal that aren’t destructive to the 
environment.  

2. THEORETICAL BACKGROUND AND  

SURVEY 

2.1 Object Detection from Digital Images by Deep 

Learning by Osaka University. 

 

Object detection from digital images is a crucial task in 

computer vision and has numerous applications in fields such 

as security, surveillance, autonomous driving, and robotics. 

Deep learning has revolutionized the field of computer 

vision, allowing for the development of highly accurate and 

efficient object detection systems. Deep learning-based 

object detection involves training a neural network to detect 

objects in an image by analyzing its features at different 

levels of abstraction. The network is trained using a large 

dataset of labeled images, which allows it to learn to 

recognize objects based on their visual characteristics. The 

development of deep learning-based object detection systems 

has led to significant improvements in accuracy and speed 

compared to traditional object detection methods. These 

systems can detect multiple objects in an image and 

accurately classify them, even in complex and cluttered 

environments. Object detection using deep learning has 

become an active area of research, with numerous approaches 

being developed and refined to improve accuracy, speed, and 

robustness. Additionally, the availability of large datasets and 

powerful computing resources has enabled the development 

of highly specialized and accurate object detection systems 

for specific applications. 

 

2.2 Automatic sorting of low-value recyclable waste by 

Rencheng Zhang. 

 

Recycling is an essential component of sustainable waste 

management, and automatic sorting of recyclable waste has 

become an increasingly important research area. While high-

value recyclables like aluminum and copper are already 
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sorted through traditional manual methods, low-value 

recyclables such as plastics and paper are often not sorted due 

to their low economic value. Automatic sorting of low-value 

recyclable waste involves using advanced technologies such 

as computer vision, machine learning, and robotics to classify 

and separate waste items based on their material composition. 

These technologies can analyze images of waste items and 

identify the type of material they are made of, such as plastic, 

paper, or metal. One of the significant advantages of 

automatic sorting of low-value recyclable waste is that it can 

increase the efficiency and effectiveness of recycling 

programs, reduce the environmental impact of waste, and 

promote a circular economy. It can also reduce the amount of 

waste that ends up in landfills and incinerators, thereby 

reducing greenhouse gas emissions and preserving natural 

resources. Despite these challenges, there is a growing 

interest in automatic sorting of low-value recyclable waste, 

and significant progress has been made in developing and 

testing sorting technologies. 

 

2.3 The Ethics of Plastic Pollution by Chris Armstrong. 

The ethics of plastic pollution introduction is a complex and 

multi-dimensional issue. There are several ethical 

considerations related to the introduction of plastic pollution, 

including: Responsibility: Who is responsible for the 

introduction of plastic pollution? Is it the individuals who 

consume plastic products, the businesses that produce them, 

or the governments that regulate them? There is a growing 

consensus that all stakeholders have a responsibility to reduce 

plastic pollution and promote sustainable practices. 

Environmental justice: Plastic pollution often affects 

marginalized communities disproportionately. For example, 

low-income communities that lack proper waste management 

infrastructure are more likely to be impacted by plastic waste 

pollution. This raises ethical questions about fairness and 

equity, and the need to address social and environmental 

justice issues. Intergenerational equity: Plastic pollution has 

long-term environmental consequences that will affect future 

generations. This raises ethical questions about the 

responsibility of current generations to ensure that their 

actions do not harm future generations. Sustainability: The 

introduction of plastic pollution raises ethical questions about 

sustainability. Plastic is a non-renewable resource, and its 

production and disposal contribute to greenhouse gas 

emissions, climate change, and environmental degradation. 

This raises ethical questions about the need to promote 

sustainable practices that minimize the use of plastic and 

reduce its negative impact on the environment. Human rights: 

Plastic pollution can have negative impacts on human health, 

particularly in communities that are exposed to high levels of 

pollution. This raises ethical questions about the protection of 

human rights, including the right to a clean and healthy 

environment. 

 

2.4 Science of the Total Environment from Machine 

learning by N. Meyers et al. 

 

The Gini coefficient was used as a computational metric to 

determine the most effective rule to divide the spectral data 

into more precise categories each time, until mutually 

exclusive categories were formed at the terminal nodes 

(Meyers, 2021). Both decision trees were generated using the 

CART (Classification and Regression Tree) supervised 

machine learning algorithm. The minimum number of 

records in a node for a split to be attempted was set to 8 during 

the PDM development process. The minimum number of 

records that must wind up in an end node was set to 3, and 

any splits that did not improve the model fit by 0.02 were 

discarded. The bare minimum of data required by the PIM 

must be present in a node for a split to be tried was set to 39, 

the Science of the Total Environment 823 (2022) 153441 by 

N. Meyers et al. 13 records were set as the minimum number 

of records that must be in an end node, and splits that did not 

enhance the model’s fit by 0.02 were disregarded. Machine 

learning is a subfield of artificial intelligence that focuses on 

the development of algorithms and statistical models that 

allow computer systems to automatically learn and improve 

from experience without being explicitly programmed. 

 

2.5 Visual and Physical features for waste management 

from Classification of plastic bottles by Lokesh Reddy 

Kambam. 

 

Visual and physical features of plastic bottles can be used to 

improve waste management practices. Plastic bottles are one 

of the most common forms of plastic waste, and they have a 

significant impact on the environment if not disposed of 

properly. Visual and physical features can be used to identify 

different types of plastic bottles, which can be sorted and 

recycled more effectively. Visual features include the color, 

shape, size, and labeling of plastic bottles. Different types of 

plastic bottles have different visual features, which can be 

used to identify them and sort them for recycling. For 

example, water bottles are typically clear or translucent, 

while soda bottles are usually colored and have distinctive 

labeling. Physical features refer to the material composition 

and characteristics of plastic bottles. Different types of plastic 

bottles have different physical properties, which can be used 

to identify and sort them for recycling. 

 

2.6 Impact of plastic pollution on ocean. 

Plastic pollution in oceans has become a major environmental 

concern in recent years, as it poses a significant threat to 

marine life and ecosystems. Plastics are a ubiquitous material 

in modern society, and their production and consumption 

continue to increase rapidly. However, their durability and 

resistance to degradation mean that they persist in the 

environment for decades or even centuries. As a result, plastic 

waste has accumulated in the world’s oceans, where it harms 

marine life through ingestion, entanglement, and habitat 

destruction. Plastic pollution in oceans also has wider impacts 

on the health and well-being of human communities that 

depend on marine resources. The issue of plastic pollution in 

oceans is complex, and it requires a multi-faceted approach 

to address. This includes improving waste management and 

recycling, reducing our reliance on single-use plastics, 

promoting sustainable consumption and production patterns, 

and increasing public awareness and education about the 

impacts of plastic pollution. 

 

2.7 Waste Plastics Classification. 

 

Waste plastics classification is an important task in waste 

management and recycling. It involves identifying different 



types of plastics based on their physical and chemical 

properties. Traditional classification methods rely on manual 

sorting or spectroscopic analysis, which can be time-

consuming and expensive. A new approach to waste plastics 

classification based on multi-scale feature fusion has been 

proposed. This method uses computer vision techniques to 

analyze images of waste plastics and extract multi-scale 

features from them. These features are then combined using 

a fusion algorithm to generate a more comprehensive 

representation of each plastic sample. The multi-scale feature 

fusion method has several advantages over traditional 

methods. It is non-destructive, fast, and can be automated, 

making it ideal for large-scale applications. It also has a high 

accuracy rate and can identify plastics based on their 

composition and color.  

 

2.8 Automatic sorting of low-value recyclable waste. 

 

Recycling is an essential component of sustainable waste 

management, and automatic sorting of recyclable waste has 

become an increasingly important research area. While high-

value recyclables like aluminum and copper are already 

sorted through traditional manual methods, low-value 

recyclables such as plastics and paper are often not sorted due 

to their low economic value. Automatic sorting of low-value 

recyclable waste involves using advanced technologies such 

as computer vision, machine learning, and robotics to classify 

and separate waste items based on their material composition. 

These technologies can analyze images of waste items and 

identify the type of material they are made of, such as plastic, 

paper, or metal. One of the significant advantages of 

automatic sorting of low-value recyclable waste is that it can 

increase the efficiency and effectiveness of recycling 

programs, reduce the environmental impact of waste, and 

promote a circular economy. It can also reduce the amount of 

waste that ends up in landfills and incinerators, thereby 

reducing greenhouse gas emissions and preserving natural 

resources. 

 

3. METHODOLOGY 

 

 
Figure 1 Predication Flow Chart 

3.1 Working  

 

There are several methodologies that can be used for 

automatic sorting of low-value recyclable waste. Here are a 

few examples: Optical Sorting: Optical sorting uses sensors 

and cameras to detect and sort different types of materials. 

When the waste is fed into the machine, the sensors detect the 

type of material and direct it to the appropriate chute or 

conveyor belt. Optical sorting can be used to sort low-value 

recyclables such as plastics, metals, and paper. Magnetic 

Sorting: Magnetic sorting uses magnets to separate ferrous 

metals from non-ferrous metals. The waste is fed onto a 

conveyor belt that passes over a magnetic field. Ferrous 

metals are attracted to the magnet and are separated from the 

other materials. Eddy Current Sorting: Eddy current sorting 

uses a high-frequency magnetic field to separate non-ferrous 

metals from other materials. The waste is fed onto a conveyor 

belt that passes over an eddy current separator. The separator 

produces a magnetic field that induces eddy currents in the 

non-ferrous metals, causing them to be repelled from the 

conveyor belt and separated from the other materials. Air 

Classification: Air classification uses air to separate materials 

based on their density. The waste is fed into a chamber where 

air is blown through it. Lighter materials such as plastics and 

paper are blown upward while heavier materials such as 

metals and glass fall to the bottom. These are just a few 

examples of the methodologies that can be used for automatic 

sorting of low-value recyclable waste. The specific 

methodology used will depend on the type of waste being 

sorted and the desired result. 

 

 3.2 Tensor flow lite library use in mobile application 

 

TensorFlow Lite is a lightweight machine learning 

framework designed for mobile and embedded devices, 

including Android and iOS platforms. It allows to run 

machine learning models efficiently on mobile devices with 

limited computational resources. Here’s a detailed overview 

of how we used TensorFlow Lite in a mobile application: 

Before using TensorFlow Lite in your mobile application, 

you need to convert your trained machine learning model 

(typically in TensorFlow’s standard format) into a 

TensorFlow Lite format. This conversion process is essential 

to make the model suitable for mobile deployment. To 

convert a model to TensorFlow Lite, you can use the 

TensorFlow Converter, which is part of the TensorFlow 

framework. The conversion process typically involves 

quantization (if necessary), format conversion, and 

optimizations to reduce the model’s size and make it more 

efficient for mobile use. In your mobile application, you need 

to incorporate the TensorFlow Lite Interpreter, which is a 

library responsible for loading, running, and making 

inferences with TensorFlow Lite models. It provides a simple 

API for executing model inference on a mobile device. 

Integrate the TensorFlow Lite Interpreter into mobile 

application, whether it’s an Android app (using Java). firstly, 

Add the TensorFlow Lite dependency to your Android 

project using Gradle. Than, Load the TensorFlow Lite model 

file from your app’s assets or storage. Than, Prepare input 

data, run inference, and process the output results as needed. 

And finally We use Android’s Camera API or Camera2 API 



to capture images or frames for model inference, process the 

captured data, and pass it to the TensorFlow Lite Interpreter. 

 

4. IMPLEMENTION 

4.1 Code 

 
Figure 2 Zip file  

 

 

 
Figure 3 File where code save  

 

4.2 Implementation of Application 

 

 

 
Figure 4 Main page of application 

 
Figure 5 where you need to click picture 

 

 
Figure 6 Plastic bottle  detected 

 

 
Figure 7 other plastic item detected 

 



CONCLUSION 

 

Using a camera mounted on a small container, we were able 

to detect the presence of plastic using an object detection 

algorithm with an accuracy of 95.2three predefined 

categories with an accuracy of 65.3the bounding box in the 

dataset, we found that the plastic the model was trying to 

detect was only a small fraction of the image, in the range of 

0. We found that images containing this smaller plastic had a 

negative impact on model accuracy. Preprocessing methods 

that increase the percentage of plastic coverage in images, 

such as scaling or cropping, can potentially solve this 

problem. However, the benefit of potentially improving 

model accuracy using a preprocessing approach must be 

weighed against the cost of reduced model transferability, 

which requires refinement for new locations and increases the 

latency of detection. Although our model was less accurate in 

differentiating the classes, the model rarely failed to detect 

the presence of plastic, even when most of the plastic covered 

a small portion of the image. Therefore, it can be used as an 

effective screening tool to identify frames of interest in large 

datasets. Overall, this study demonstrates a novel method for 

collecting coordinated in situ data using object detection 

algorithms and on-board cameras. Our approach is novel in 

that we use on-board cameras and machine learning data 

collection methods to train our algorithm to discriminate 

between plastic categories using unseen real footage to test 

for percent pixel coverage. plastic items as an explanation for 

the errors. Negatives. The study also proves that YOLOv5s is 

a fast, efficient and accurate detection model for large ocean 

plastics 
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