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Abstract: The creation of creative approaches to effective waste management has been motivated by the rising global concern for 

environmental sustainability. With the help of Streamlit, this project provides an Internet of Things (IoT) Waste Segregator system that 

combines real-time data collecting, machine learning, and approachable visualization. The system's main goal is to automate garbage 

segregation, which will increase recycling rates and ease the burden on landfills. The sys consists of a sys of sensors and cameras putted 

in locations used for waste collection, allowing for the monitoring the level and classification of waste materials in real time. A deep 

learning model created with the Keras framework processes the data gathered by these sensors. The model has been trained to distinguish 

between several types of garbage, including organic, recyclable, and non-recyclable materials. With the use of a neural network for 

convolutional (CNN) architecture ResNet-101, the system is able to successfully learn and distinguish between different types of garbage 

based on visual signals. The RPA model trained sends mail to the respective authorities. 

Keywords: Automatic waste Segregator, Keras Model, Streamlit, Waste Management, Image Classification, Smart City Technology, Real-

time Monitoring, Waste Sorting. 

1. Introduction 

1.1 Overview 

The growing global concern for sustainable garbage 

management is motivating research into cutting-edge 

technologies like the Internet of Things (IoT), Robotic 

Process Automation (RPA) and Machine Learning (ML). 

With the help of IoT sensors, real-time data processing, 

and a deep learning model developed using the Keras 

framework, this project attempts to develop a smart 

garbage segregation system. The manual labour of 

monitoring the bins and notifying the authorities is 

reduced by an RPA model utilising UIPath. Utilizing 

Streamlit, the system's user interface will provide an 

approachable visualization of waste segregation data. 

1.2 Motivation 

Using the Streamlit and Keras model, an IoT-based waste 

segregator is being developed in order to address 

important difficulties in waste management and 

environmental sustainability. These compelling reasons 

and aims include: 

i) Environmental Issues: The growing amount of 

garbage produced worldwide has resulted in serious 

environmental problems, such as resource depletion, 

greenhouse gas emissions, and land degradation. 

Adopting cutting-edge technologies is urgently needed to 

manage garbage more effectively and reduce its 

environmental impact. 

ii) Ineffective trash Segregation: Traditional trash 

segregation techniques frequently rely on labour-

intensive, time-consuming, and error-prone manual 

sorting. Utilizing technology can result in garbage being 

separated more precisely and automatically, decreasing 

the possibility of misclassification and increasing 

recycling rates. 

iii) Resource Conservation: Effective recycling and 

resource conservation depends on proper waste 

segmentation. Recyclable materials can be recovered and 

reused by making sure they are separated from non-

recyclable garbage, which helps to create a more 

sustainable cycle for resource management. 

iv) Real-time monitoring is made possible by IoT 

technology, which also makes it possible to gather data in 

real-time. The bin level and sorts of waste being generated 

and disposed of can be accurately and recently identified 

by placing sensors and cameras at waste pickup stations.[3] 

v) Precision of Machine Learning: In picture 

identification and classification tasks, machine learning 

(ML) algorithms, such as those developed using Keras, 

have demonstrated outstanding performance. Applying 

ML to trash segregation can result in reliable and 

dependable classification of waste items, lowering 

mistakes brought on by subjectivity in 

human classification. 
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1.3 Problem Definition and Objectives 

 

In order to automate waste segregation procedures, the 

IoT and ML-based Waste Segregator project combines 

IoT (Internet of Things) technology, Robotic Process 

Automation (RPA) ML (Machine Learning) algorithms 

created using Keras, and a user-friendly Streamlit 

interface. This project's main aim is to create a sys that 

accurately categorize various waste products in real time, 

helping to promote effective waste management, higher 

recycling rates, and environmental sustainability. 

        1.3.1 Objectives 

The Streamlit and Keras model-based IoT and ML waste 

segregator project's goals are as follows: 

i) Automated garbage Segregation: Create a system that 

automates the separation of garbage into multiple 

classifications, such as organic, recyclable, and non-

recyclable materials, by using IoT sensors and cameras to 

collect real-time data from waste pickup stations. 

ii) High Accuracy Classification: To achieve high 

accuracy while classifying trash items based on photos, 

train a deep learning model using the Keras framework. 

The model ought to have a low rate of misclassification 

when it comes to differentiating across waste categories. 

iii) Real-time Data Processing: To enable real-time data 

processing, integrate IoT sensors, cameras, RPA model 

and the Keras model. Make sure the system can perform a 

speedy analysis of incoming trash data and deliver prompt 

and precise segregation results along with the trash level. 

iv) User-Friendly Visualisation: Create a simple, 

interactive user interface for Streamlit that offers real-time 

waste segregation statistics and visualizations. This 

interface needs to be simple to use so that stakeholders like 

waste management staff and administrators can use it. 

1.4  Scope of Project and Limitations 

An IoT and ML-based garbage segregator that uses the 

Streamlit and Keras model has a wide range of technical, 

operational, and environmental considerations. An 

overview of the project's scope is given below: 

a) Technical Reach 

i) Establish the types and quantities of IoT sensors needed 

for waste collecting stations. For the purpose of gathering 

both visual and numerical data on waste products, use 

suitable sensors and cameras[1]. 

ii) Data Transmission and Storage: Create a method for 

securely transmitting data from Internet of Things sensors 

to a central server. To control the influx of real-time data, 

implement data storage techniques. 

iii) Keras Model Architecture: Create the deep learning 

model's architecture using the Keras framework. For 

precise waste classification, use the right architecture, 

layers, and optimization strategies. 

b) Operating Range: 

i) System Integration: Create a seamless system by 

integrating IoT sensors, data processing elements, the 

Keras model, and the Streamlit interface. 

ii) The Keras model should be trained using the prepared 

dataset, and its accuracy and performance should be 

tested. The model should be adjusted as necessary to 

achieve accurate trash classification. 

iii) Test the usability and functioning of the Streamlit 

interface with potential users in order to get their opinions 

on how to improve the user experience and interface 

design.  

c) Social and Environmental Perspectives: 

i) Examine the waste segregator's possible environmental 

advantages, such as decreased landfill trash, increased 

recycling rates, and resource preservation. 

ii) Study the project's effects on waste disposal practices 

and community perceptions of recycling and ethical waste 

management[6]. 

iii) Use the initiative as a chance to inform the public 

about the value of trash segregation and recycling, 

utilizing technology as a tool for doing so. 

d) Limitations 

The following limitations of an IoT and ML-based waste 

segregator employing the Streamlit and Keras model must 

be taken into account during the development and 

implementation process: 

i) Limited Accuracy on Uncommon Items: The training 

dataset's quality and diversity have a significant impact on 

the ML model's accuracy. Items that are poorly 

represented in the training data may be incorrectly 

classified, which would result in improper segregation. 

ii) Dependency on Data Quality: Accurate data from IoT 

sensors and high-quality photos are necessary for the ML 

model to function properly[7]. The performance of the 

model can be affected by poor illumination, image 

distortion, or sensor issues. 

iii) Lack of Contextual Information: Based on 

contextual information, the ML model may have trouble 

identifying waste objects that have comparable 

appearances but differing levels of recyclability or 

compost ability. 

iv) Infrastructure and resource requirements include 

the installation, upkeep, and networking of IoT sensors 
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and cameras. In some places, ensuring a steady supply of 

electricity and internet connectivity might be difficult. 

v) Model Training and tweaking: Choosing the right 

model architecture, collecting the necessary data, 

preprocessing it, and tweaking the hyperparameters are all 

important steps in creating an accurate machine-learning 

model. 

vi) Initial Investment Expenses: Installing IoT sensors, 

cameras, and server infrastructure requires an initial 

investment that could be prohibitive, especially for 

smaller waste management facilities or towns with tighter 

budgets. 

2.  Literature Survey 

i) Selvakumar R, Karthika P, Helen R, Thenmozhi T 

(2022): Rapid population development has caused a 

tremendous increase in the amount of waste produced 

each day. Taking responsible action to manage landfill 

garbage and properly classify and transport it is a major 

issue for municipal governments. This paper describes the 

design of a system that uses (IoT) to appropriately collect 

& sort rubbish from the public trash can. With the use of 

an ultrasonic sensor and the Blynk app, the trash level is 

detected and tracked in this study. The overflow of trash 

is prevented by an automatic locking system. Additionally, 

it uses the Blynk app and the Node Microcontroller Unit 

(NodeMCU) to send the authority information on the 

garbage level. Additionally, it illustrates how intelligent 

waste segregators are used for disposal. This clever IOT-

based technology is reliable, simple to operate, and 

reasonably priced. 

ii) G.S Nagaraja, Sukrutha C Basappa, Mahesh 

Subray Hegde (2021): The major goal is to automate the 

segregation mechanism and eliminate human interaction 

in the process. The system is constructed using hardware 

elements such an Arduino, sensors, and an LCD. This 

research suggests a method for how dry waste might once 

more be segregated using the Convolutional Neural 

Network, CNN model of machine learning, to improve 

management and facilitate the segregation process. The 

BLYNK app is used to remotely monitor garbage. The 

suggested approach uses data from the Kaggle website. 

iii) K. Pravalika, Dhiraj Sunehra, G. Rajasri, A. Sruthi 

(2021): If we use the proper segregation techniques for the 

generated waste, we may successfully utilize and recycle 

the trash. In this study, trash is separated at the household 

level using a low-cost Automated trash Segregator system. 

The segregator system that has been proposed separates 

trash into three types: dry, moist, and metallic waste. Paper 

and plastic garbage are further divided into categories 

under dry waste. Several sensors are used to detect each 

sort of rubbish, which is subsequently separated and 

disposed of in the appropriate bins. The main controller in 

this case is an Arduino Uno board. 

iv) Hebziba Jeba Rani S, Sowndharya V, and 

Savitha P (2019): Wet, dry, and metallic waste are 

divided into three categories under the suggested system. 

This newly created approach makes waste management 

productive in addition to being cost-effective. The data of 

the amount of garbage disposed of are updated in the 

server on a regular basis. Each trash item is recognized by 

the proper sensors, and then it is divided inside the 

corresponding bins. 

v) Dr. Manjula G, Nandini S, Namratha A M, Nanditha 

K, Meghashree C (2021): The creation of this system 

aims to eliminate barriers and issues while also providing 

a possibility for improvements to the waste management 

and segregation systems. With the suggested system being 

implemented across cities and having an embedded 

system to separate and keep track of the bin's level, the 

Automatic Waste Management and Segregation System 

utilize the Internet of Things. The locations of the bins can 

be found online, and the status of the bins is 

communicated to the appropriate authorities in order to 

evacuate them. This technique reduces the need for human 

interaction, contact, and the use of time and resources. 

vi) Piyush Mehta, Pushkar Sathe, Nikhil Bhawsar, Dr. 

Anupama Mahajan, Yash Desai (2017): This study 

compares four popular machine learning models—

Random Forests, Gaussian Naive Bayes, Support Vector 

Machines, and Multilayer Perceptron’s—for classifying 

biodegradable and non-biodegradable trash.  Out of the 

several sources of data that were used for testing and 

enhancing the dataset, a total of 15,000 images of 

biodegradable and non-biodegradable trash were 

used for training. 

vii) Suraj Kothari, Yesha Desai, Vishal Gupta, Akash 

Chaudhari (2018): The suggested study intends to build 

an image classifier based on convolutional neural 

networks that can identify objects and identify the type of 

garbage they contain. In this research, characteristics from 

images are extracted and fed into a classifier to make 

predictions and separate a type of garbage from its related 

category using four distinct CNN models, including 

ResNet50, DenseNet169, VGG16, and AlexNet, all 

trained on ImageNet. According to the experimental 

findings, DenseNet169 performed substantially better 

than all four models, but ResNet50 performed more 

like DenseNet169. 

 

viii) Akash Choudhary, Gaurav Mittal, Vishal Gupta 

(2016): The proposed study makes use of the following 

techniques: (i) data collection and preprocessing (ii) 

feature extraction using CNN (AlexNet) (iii) trash 

prediction from the wastes of urban cities using DBN (iv) 

and (v) hyperparameter optimization using Optuna. With 

an MPE of 0.02 and an R2 score of 0.94, this model fared 

better than other state-of-the-art techniques. In terms of 
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trash generation prediction and classification precision, 

the suggested optimal hybrid deep learning model 

outperforms the model using individual learners. 

ix) V. K. Tiwari, S. K. Singh, S. K. Pandey, A. K. 

Shukla, A. K. Mishra, S. K. Dwived (2020): With the 

use of the Internet of Things, we proposed a method in this 

study for automatically predicting the likelihood of waste 

products in order to develop a productive and clever waste 

management system. Dustbins powered by the Internet of 

Things that may be placed anywhere in the city enable for 

constant monitoring of the metal, gas, and waste capacity 

levels. Then, you can test our suggested strategy using 

machine learning classification techniques like decision 

trees, logistic regression, support vector machines, and the 

random forest algorithm. The suggested strategy's 

precision and timeliness are evaluated using machine 

learning classification methods. 

x) Dip Nandi, Md. Kishor Morol, Rutuja Thakre, Md. 

Shahariar Nafiz (2022): In the realm of deep 

convolutional neural networks and image processing, this 

research suggests a device to sort garbage into several 

components with the use of a clever object detection 

method using ConvoWaste. In this study, garbage is 

accurately classified using deep learning and image 

processing techniques, and the detected waste is then 

deposited within the appropriate bins using a servo motor-

based system. Due to the system's automated features, it 

may be remotely operated via an Android app to dispose 

of the separated garbage where it is wanted. Utilizing 

natural resources and repurposing them into useful 

products are all processes that can be aided by using this 

technique to recycle resources that were originally slated 

to become waste. 

 

3. Software Requirements and 

Specifications 

3.1 Functional Requirements 

Functional requirements outline what a system must do 

and the precise characteristics it must provide in order to 

fulfill its intended purpose. The following functional 

needs can be established for an automatic waste 

segregator based on IoT and machine learning utilizing a 

Keras model and Streamlit: 

[1] Data Integration and Acquisition: In order to track 

where waste is being disposed of, the system has to gather 

data from IoT gadgets like cameras and sensors. To get a 

complete picture of the trash disposal region, it should 

integrate data from numerous sources and sensors.[7] 

[2] Waste classification and detection :Based on visual 

input from cameras, the system should employ machine 

learning models (developed with Keras) to identify and 

categorize various forms of waste. It must correctly 

classify garbage into predetermined groups such 

recyclable, non-recyclable, organic, and hazardous.

 

 

[3] Real-time surveillance: The system should 

continuously analyze incoming data from IoT sensors and 

enable real-time monitoring of landfills. The present state 

of waste segregation and disposal should be 

available to users.[8] 

[4] Authenticating users and controlling access: To 

access the system, users should be needed to log in using 

valid authentication credentials. There should be multiple 

levels of access to system functions for different user roles 

(admin, operator, etc.). 

[5] Notifications & Alerts using RPA: In the event of 

abnormalities or particular waste disposal events, such as 

bin overfilling or contamination, the system should 

generate alerts and notifications. Notifications to users 

should be sent by email, SMS, or the web interface. 
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[6] Archival data analysis and storage: Historical 

information on waste segregation and disposal operations 

should be stored in the system. Users should have access 

to historical data and be able to use it for reporting and 

decision-making. 

[7] Analytics and Reporting: Users should have access 

to reporting tools that can produce insights and reports on 

the effectiveness, trends, and environmental effects of 

waste segregation. Reports should be able to be exported 

and shown by the system.[2] 

[8] Device Management for IoT: Administrators should 

be able to manage IoT devices through the system, 

including device registration, configuration, and 

firmware updates. 

3.2 External Interface Requirements 

3.3 3.2.1 User Interfaces 

The creation of an intuitive and user-friendly web 

application is required while designing the user interface 

(UI) for an Automatic Waste Segregator based on IoT and 

Machine Learning utilizing a Keras model and Streamlit.  

1) Overview of the dashboard: Key statistics and an 

overview of the waste segregation system's status should 

be presented on the primary landing page. High-level 

details like the overall number of bins, the proportion of 

garbage that is segregated, and any important alarms 

should be included.

 

 
 

2) Menu of Navigation: Create a sidebar or menu that 

users can utilize to access the application's many 

components. Home, Camera Feeds, Reports, Analytics, 

Device Management, and Settings are examples of 

typical sections. 
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3) Camera feeds: Allow consumers to watch each 

disposal site in real-time by providing live camera feeds 

from several sites. Include controls for changing camera 

perspectives and enlarging the image for a closer look. 

 

 
 

 
 

4) Display of Real-Time Data: Display waste 

segregation information in real time for each location or 

container. Graphical depictions like pie charts and bar 

graphs can be used to illustrate this. The present state of 

the bins—such as empty, partially full, or full—as well as 

the appropriate trash categories should be highlighted.[7] 

5) Authentication of users and user profiles: Include a 

login and logout feature in your user authentication 

system. Users ought to have access to and control over 

their profiles, which include contact details and 

notification options. 

6) Tools for Reporting: Give users access to tools for 

creating and exporting reports on environmental impact, 

waste segregation effectiveness, and other pertinent data. 

Provide options for exporting reports in popular file types 

(such PDF and CSV). 

7) Settings & Configuration: Allow users to customize 

application settings including notification preferences and 

dashboard customisation. Enable password changes and 

access control security settings.
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8) User Feedback and Reporting: - Include a feedback 

feature that enables users to submit problems, make 

suggestions, or request help. To contact the support staff 

directly, offer a form or chat service. 

3.2.2 Hardware Interface 

[1] IoT Tools: For garbage detection and segregation, 

you'll need IoT tools and sensors. A few examples of these 

are cameras, RFID readers, and ultrasonic sensors. The 

particular sensors you choose to employ will determine 

the hardware specifications. 

[2] Server or computer:  Depending on how intricate 

your model is, this server's hardware specifications will 

vary, but generally speaking, you'll need a computer with: 

i) CPU: A multi-core processor that, for accelerated 

training and inference, ideally supports GPUs. GPU 

(optional): A potent GPU, such as an NVIDIA GeForce or 

Tesla GPU, can greatly speed up deep learning models 

created with Keras during training and inference.[5] 

ii) RAM: A minimum of 8 GB is needed, while larger 

devices can need more.  

iii) Speicherung: For quicker data access, SSD storage is 

advised. 

[3] Internet connectivity: It is required for 

communication with IoT devices and, maybe, for 

uploading data to the cloud because this system 

is built on IoT.[3] 

3.2.3 Software Interface 

[1] Operating system: For the server or computer, you 

can choose between Windows and Linux (such as 

Ubuntu). 

[2] Python: Python is required for both the web 

application (Streamlit) and the machine learning model 

(Keras). Make sure Python 3.x is installed. 

[3] Libraries for machine learning: 

i) TensorFlow: If you use Keras, TensorFlow will also be 

a requirement. 

ii) Scikit-Learn: Helpful for the evaluation of machine 

learning models and the preprocessing of data. 

iii)OpenCV: For computer vision and image 

processing jobs. 

4] IoT Libraries: For data collection and connectivity 

with the IoT devices you employ, you'll require libraries 

or SDKs offered by the manufacturers. 

[5]Streamlit: Installing Streamlit will allow you to create 

and publish your web-based user interface for interacting 

with the system. 

3.2.4 Communication Interface 

The smooth interaction between the various parts of an 

Automatic Waste Segregator system based on IoT, 

Machine Learning utilizing Keras, and Streamlit is greatly 

facilitated by the communication interfaces. Several of the 

system's major communication interfaces 

are listed below: 

[1] Interface for IoT Device Communications: 

(a) Protocol: Specific IoT protocols, such as MQTT, 

HTTP/HTTPS, or CoAP, are used by the IoT devices, such 

as cameras, ultrasonic sensors, and RFID readers, to 

connect with the system. These protocols make it easier to 

send and receive data between the devices. 

(b) Data Format: The system and IoT devices commonly 

communicate data using JSON or other structured 

formats. Sensor readings, timestamps, and device 

identifying data are all included in this data. 

(c) Security: To protect communication between IoT 

devices and the system and ensure the integrity and 

confidentiality of the data, encryption and authentication 

procedures are used.[4] 

[2] The Streamlit Web Interface: 

(a) HTTP/HTTPS: The Streamlit web interface exchanges 

data with users' web browsers over the widely used HTTP 

or secure HTTPS protocols. This makes it possible for 

users to access the program using a web browser on 

different devices. 

(b) Web Sockets: To enable bidirectional communication 

between the web interface and the server and to provide 
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interactive features and real-time updates, WebSocket 

communication may be utilized. This enables immediate 

data changes and notifications. 

(c) Authentication and Authorization: Access control and 

user authentication procedures are used to make sure that 

only authorized users can access the web interface 

and its features. 

[3]   Application Logic Layer: 

(a)Internal APIs : Internal APIs or function calls are how 

the application logic layer interacts with other system 

parts. To seek forecasts on waste segregation, for instance, 

it communicates with the machine learning module. 

(b) Database queries: It interacts with the database to get 

or change data. Useful tools for this include SQL queries 

and Object-Relational Mapping (ORM) frameworks like 

SQLAlchemy.[4] 

(c) User Management: In order to manage user roles and 

permissions and to validate user credentials, connection 

with the user management system is made easier by 

authentication and user management APIs. 

[4] Artificial Intelligence (Keras Model): 

(a) Internal APIs: To send data for prediction and obtain 

the results, the application logic layer interacts with the 

machine learning component via internal APIs or function 

calls. 

(a) Data Serialization: Before being delivered to the 

machine learning model, data that needs to be processed 

is serialized into the proper format, such as NumPy 

arrays or tensors. 

[5] The database interface:  

(a) Database Connection: Using a database driver or 

connector (for MySQL, PostgreSQL, or MongoDB, for 

example), the application logic layer connects to the 

database. 

(b) SQL Queries: Database queries for data retrieval, 

insertion, updating, and deletion are executed using 

Structured Query Language (SQL). 

[6] System for Alerting and Notification: 

(a) Email/SMS Gateways: The system may employ email 

gateways (SMTP) or SMS gateways (through APIs) for 

direct contact with users' email addresses or mobile 

phones in order to provide warnings and notifications to 

users. 

(b) Push Notifications (Optional): Push notification 

systems like Apple Push Notification Service (APNs) or 

Firebase Cloud Messaging (FCM) may be used to deliver 

real-time notifications to mobile devices. 

3.3 Non-Functional Requirements 

3.3.1 Performance Requirements 

To guarantee the system operates effectively and 

efficiently, performance requirements for an Automatic 

Waste Segregator system based on IoT, Machine Learning 

utilizing Keras, and Streamlit are essential. Consider the 

following performance criteria: 

1. Processing of data in real-time: 

(a) Requirement: To reduce delays in garbage detection 

and segregation, the system must process data from IoT 

sensors in real-time. 

(b) Measurement: To make sure the system satisfies the 

demands of real-time processing, define and measure the 

system's latency. 

2. Speed of Machine Learning Inference: 

The Keras machine learning model must deliver quick and 

precise waste segregation predictions. Measure the 

model's inference time for a specific input to make sure it 

performs as expected. 

3.Scalability:  

(a) Requirement: The system must be built to support an 

increasing number of IoT devices and garbage disposal 

sites without noticeably degrading its performance. 

(b) Measurement: Keep an eye on the system's 

performance during load tests to make sure it scales well. 

4. Data Retrieval and Storage: 

The database must effectively store and retrieve historical 

information about users, their profiles, and configuration 

options. Monitoring query performance and database 

response times will ensure effective data access.[6] 

5. Load testing: 

(a) Requirements: Conduct load testing to evaluate the 

system's performance under conditions of high usage, 

making sure it stays responsive and reliable. 

(b) Measurement: Based on the findings of load testing, 

pinpoint performance bottlenecks and 

optimize system parts. 

3.3.2 3.3.2 Security Requirements 

To safeguard private information, maintain system 

integrity, and stop unwanted access, security is essential 

for an Automatic Waste Segregator system built on IoT, 

Machine Learning using Keras, and Streamlit. The 

following are crucial security specifications 

for such a system: 

1. Identifier verification and authorization: Implement 

user authentication to confirm the users' identities 

(administrators, operators) before allowing them access to 

the system. For increased security, implement strong 
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password policies and assist with multi-factor 

authentication (MFA). 

2. Encryption of data: Use industry-standard encryption 

techniques to secure data both in transit and at rest (such 

as TLS for data in transit and encryption mechanisms for 

data at rest in the database).[2] 

3. Device Security for IoT: To avoid unauthorized access, 

secure IoT devices should have strong authentication 

procedures. Make sure that devices have the most recent 

firmware and security updates. 

4. Security for machine learning models: Prevent 

tampering with and unauthorized access to the machine 

learning model. Implement model version control and 

keep track of model modifications.[4] 

3.3.3 Safety Requirements 

To ensure the safe operation of an Automatic Waste 

Segregator system based on IoT, Machine Learning 

utilizing Keras, and Streamlit, safety criteria are crucial. 

The goals of these regulations are to reduce risks, stop 

accidents, and safeguard users, operators, and the 

environment. The following are some essential 

safety criteria: 

1. Sensor Security: To avoid falling or moving, make sure 

that sensors, such as cameras and ultrasonic devices, are 

firmly fixed. Inspect and maintain sensors on a regular 

basis to spot and fix any physical issues[2]. 

2. Electrical Safety: Install IoT components and devices 

in accordance with local laws and electrical safety 

standards. For outdoor electronics, use shock- and 

weatherproof enclosures to safeguard 

against the elements. 

3. Safety of machine learning models: Put safety checks 

in place to stop the machine learning model from making 

risky or inaccurate judgments, especially in instances 

where safety is at stake. Establish model monitoring 

procedures to look for anomalies or model deterioration 

and take action. 

4. The emergency stop system: Include a method that 

will allow users to promptly shut down the system in the 

event of a bug or a safety issue. 

3.3.4 Software Quality Attributes 

With an Automatic Waste Segregator system based on IoT, 

Machine Learning utilizing Keras, and Streamlit, software 

quality attributes—also known as non-functional 

requirements or software characteristics—play a 

significant role in determining overall performance and 

user satisfaction. Here are some crucial aspects of 

software quality to take into account: 

1.Reliability: The system should have a high level of 

dependability, reducing the likelihood of errors, crashes, 

and malfunctions. 

2. Availability: To reduce downtime and disturbances to 

waste segregation operations, ensure high availability. 

3.Performance: To ensure speedy responses and effective 

use of computational resources, optimize 

system performance. 

4. Scalability: Make the system scalable so that it can 

accommodate an expanding number of IoT devices and 

trash disposal facilities. 

5. Interoperability: Make sure that the system can 

integrate with third-party services, APIs, and hardware 

without any issues. 

4. Proposed System 

Using a Keras model and Streamlit, an automatic waste 

segregator based on IoT and machine learning separates 

waste into various categories (such as recyclable and non-

recyclable) automatically. An example of how such a 

system might work at a high level is shown below:

 

Data Flow Level 1: 
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Data Flow Level 2:  

 

5. Project Plan 

Duration: 6 months 

 

Phase 1: Planning and project setup (2 weeks) 

i) Define the goals and boundaries of the project. 

ii) Create a project team with the necessary expertise. 

iii) Acquire the hardware (sensors, microcontrollers) that 

is required. 

iv) Purchase software resources (IoT platforms, ML 

libraries, Streamlit). 

 

Phase 2: Hardware setup (4 weeks) 

i) Assemble and test waste sensors. 

ii) Set up IoT devices, such the Raspberry Pi. 

iii) Put waste segregation actuators in place and test them. 

 

Phase 3: Machine Learning Model (8 weeks) 

i) Gather waste data (pictures and labels) for training. 

ii) Enhance and prepare the data. 

iii) Create and train a Keras-based machine learning 

model for classifying garbage. 

iv) Analyse and improve the model's precision. 

 

Phase 4: Integration of IoT and ML (6 weeks) 

i)  A data pipeline from sensors to the ML model should 

be established. 

ii) Apply waste segregation logic in real time. 

iii) ML model and IoT system integration for forecasting. 

 

Phase 5: User Interface (Streamlit) (4 weeks) 

i) Create a Streamlit programme. 

ii) Create a simple user interface for system management 

and monitoring. 

iii) Connect the IoT and ML components to the interface. 

 

Phase 6: Testing and debugging (4 weeks) 

i) Carry out thorough system testing. 

ii) Find and fix flaws and problems. 

iii) Ensure that the waste segregator is operating properly. 

 

Phase 7: Deployment and documentation (2 weeks) 

i) Install the system in a real-world setting (like a recycling 

centre). 

ii) Publish user manuals and guidelines. 

iii) Users and maintenance staff should receive training. 

 

Phase 8: Ongoing maintenance and upgrades 

i) Establish a monitoring mechanism for continual 

upkeep. 

ii) Upgrades and improvements should be made to the 

system on a constant basis. 

 

Phase 9: Final Evaluation and Summary (2 weeks) 

i) Conduct a review of the project. 

ii) List your accomplishments and key takeaways. 

iii) Describe potential advancements and areas for future 

investigation. 

 

6. Project Implementation 

6.1 Algorithms Used 

The selection of algorithms in an "Automatic Waste 

Segregator Based on IoT & ML" system can have a major 

impact on the efficacy and accuracy of waste segregation. 

Here are some of the main algorithms that are frequently 

employed in these systems: 

i) Machine Learning Techniques 

a) CNNs: CNNs are frequently employed for image 

recognition and classification applications. They can be 

used in trash segregation systems to analyse waste item 

photos and categorise them (for example, recyclables vs. 

non-recyclables)[4]. 

b) Support Vector Machines (SVMs): SVMs are useful for 

classification jobs involving binary and many classes. 
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Based on traits gleaned from photos or sensor data, they 

can be used to categorise waste materials[9]. 

c) Random Forest: For classification tasks, Random 

Forest is an ensemble learning technique. It is renowned 

for being reliable and   capable of handling complex 

data.[10] 

d) ResNet-101: For many computer vision tasks, such as 

image classification, object identification, and image 

segmentation, ResNet-101 has been a popular choice. On 

a number of benchmarks and competitions, it has 

produced cutting-edge performances. Due to its extensive 

and adaptable design, ResNet-101 is frequently used by 

researchers and practitioners as a backbone network for 

more complicated models or customised for particular 

purposes. 

ii) Algorithms for Preprocessing Data: 

a)  Picture preprocessing: To prepare picture data for 

machine learning models, methods like image scaling, 

normalisation, and data augmentation can be utilised[8]. 

b) Feature Extraction: To extract pertinent features from 

sensor data or images, feature engineering techniques or 

algorithms like Principal Component Analysis (PCA) can 

be utilised.[9] 

iii) Processing of IoT data: 

a) Kalman filters can be used to smooth jittery sensor data, 

increasing the precision of fill-level readings in garbage 

cans. 

b) Time Series Analysis: To find trends and patterns in 

sensor data, time series analysis techniques such as 

exponential smoothing or moving averages can be used. 

iv) Clustering Methods: K-Means: Similar waste items 

can be grouped together using K-Means clustering, 

making it easier to identify waste categories[5]. 

v) Reinforcement learning algorithms may occasionally 

be used to improve the routes and schedules for rubbish 

collection while taking into account real-time data from 

IoT sensors. 

vi) Interface Streamlit: Although it is not an algorithm 

in the conventional sense, the Python package Streamlit 

enables the development of user-friendly interfaces. It 

makes the process of creating and implementing 

interactive dashboards for managing waste segregation 

systems simpler. 

7. Results  

7.1 Outcomes 

This model may produce a variety of outcomes such as:  

i) More accurate waste segregation: An improvement in 

trash segregation accuracy would be the main result. 

Waste may be more accurately classified into categories 

like recyclables and non-recyclables using machine 

learning models, such as those developed using Keras and 

Resnet-101. 

ii) Real-time Management and Monitoring: Real-time 

monitoring of garbage bin fill levels and conditions is 

made possible by the system's integration of IoT. Better 

waste management techniques, less overflowing trash 

cans, and improved collection routes are the effects of this. 

iii) Reduced Waste Going to Landfills: Our system can 

assist in lowering the amount of waste sent to landfills by 

accurately classifying waste and encouraging recycling. 

Goals for environmental sustainability are met by this 

result. 

iv) Efficiency of Resources: Real-time monitoring 

enables optimised waste collection routes that conserve 

resources. Reduced fuel use and cost savings arise from 

fewer visits to collect trash cans. 

v) Friendly User Interface: The effective use of 

Streamlit to design a user-friendly interface that enables 

administrators and end users to interact with the system 

effectively would be one result. 

 

8. Conclusion  

A project or research paper on "Automatic Waste 

Segregator Based on IoT & ML Using Keras Model and 

Streamlit" should have a conclusion that highlights the 

study's most important conclusions, results, and 
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ramifications. Here is an example of a project's 

conclusion: 

In this project, we successfully created and put into use a 

cutting-edge trash sys. that uses machine learning and the 

IoT. Our system makes use of sensors to gather real-time 

information from trash cans, which is subsequently 

processed by a machine-learning model built on Keras. 

Users can interact with the system effectively thanks to the 

user-friendly interface made using Streamlit.  

Several noteworthy conclusions may be taken from this 

study, which makes a substantial contribution to the fields 

of trash management and smart city solutions: 

i) Effective garbage Segregation: Our technology shows 

the potential to separate garbage into several categories in 

an efficient manner, lessening the load on landfills and 

promoting recycling activities. The accuracy of garbage 

classification has increased with the introduction of 

machine learning techniques. 

ii) IoT technology integration: It allows for monitoring 

in real-time & fill levels of garbage bins. This guarantees 

prompt waste pickup and lowers the possibility of 

overflowing bins or unforeseen pickups. 

iii) Environmental Impact: Our method has a favourable 

effect on the environment by encouraging effective trash  

management and recycling. It aids in resource 

conservation and pollution reduction. 

 

iv) An intuitive and user-friendly experience: It is 

provided by the Streamlit-based interface for both 

administrators and end users. It makes system control and 

monitoring simple. 

v) Scalability: Our system is easily expandable to meet 

diverse waste management requirements in various 

settings, from homes to commercial spaces, thanks to its 

modular architecture.

Table 1: Comparison of Accuracies 

Paper Name Algorithms Used Accuracy rate 

A Novel Approach for 

Waste Segregation Using 

Machine Learning 

ResNet-18 80% 

Waste Segregation Using a 

Hybrid Machine Learning 

Approach 

SVM 70% 

Garbage Waste Segregation 

Using Deep Learning 

Techniques 

DenseNet-169 85% 

Automatic Waste 

Segregation Using Random 

Forest 

Random Forest 60% 

ConvoWaste: An Automatic 

Waste Segregation Machine 

Using Deep Learning 

K-means + Resnet- 34 70% 

Automatic Waste 

Segregator Based on IoT & 

ML Using Keras model and 

Streamlit (our project) 

Keras Model+ Resnet- 

101 
95% or more 

 

Now, we will see the comparison between the different 

models on the basis of accuracy rate. From this 

comparison graph, we can say that our model is much 

better than the other models having accuracy rate 95%. 

8.1 Mathematical Model 

Now let's see how ResNet functions. The main component 

of ResNet is what we have called "skipped connections." 

We have what are known as residual blocks here. A 

ResNet is made out of many Residual blocks piled on top 

of each other. The authors of the original paper included 

the following illustration, which shows how a residual 

network functions. The objective is to bypass a few 

connections and connect a layer's input straight to its 

output. As we can see, x is the layer's input that we are 

utilizing straight to link to a layer after excluding the 

identity connections, and if we believe that F(x) is the 

identity connection's output.  

The output will therefore be F(x) + x, as we can say. [11]
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One issue that could arise has to do with dimensions. It is 

sometimes necessary to solve for variations in the 

dimensions of x and F(x). In such cases, there are two 

possible courses of action. One is to add weights to the 

input x so that it is padded to the value that is output. Using 

a convolutional layer from x to addition to F(x) is part of 

the second method. 

In this manner, we can reduce the weights in the same 

dimensions as they emerge. The equation becomes F(x) + 

w1.x when the first method is used. In this case, w1 

represents the extra parameters that were introduced in 

order to raise the dimensions to match the output that the 

activation function produced. [11] 

By providing this additional shortcut way for the gradient 

to travel over, ResNet's skip connections address the issue 

of vanishing gradients in deep neural networks. 

Additionally, by letting the model learn the identity 

functions, it strengthens the linkages by guaranteeing that 

the higher layer will operate at least as well as the lower 

layer, if not better. 

 Making F(x) = 0 is the main goal. so that the final 

conclusion is Y = X. This indicates that the value obtained 

from the identity blocks' activation function and the input 

from which the connections were skipped are identical. 

8.2 Applications 

There are several real-world uses for a "Automatic Waste 

Segregator Based on IoT & ML Using Keras Model and 

Streamlit" system in a number of industries, including 

waste management, environmental protection, and smart 

city initiatives. Here are a few crucial examples: 

i) Managing Municipal Waste: The main area of use is 

in municipal waste management systems, where it can be 

implemented to improve waste collection and save 

operational costs by making sure that trash cans are only 

emptied when necessary[3]. 

ii) The Smart City: Integration with smart city projects 

for waste management strategies that are more effective 

and environmentally responsible. It reduces the amount of 

waste sent to landfills and encourages recycling, which 

helps communities leave less of an environmental 

footprint. 

iii) Residential Districts: Implementation in residential 

areas to promote recycling among locals and enhance 

garbage segregation. Improves the cleanliness and general 

standard of living in residential areas. 

iv) Zones for commerce and industry: Use in 

commercial and industrial sectors to more effectively 

manage the production of significant amounts of garbage. 

Assists companies in adhering to environmental 

requirements and lowers the cost of garbage disposal. 

v) Public Areas: Installation in public parks, transport 

hubs, and leisure locations to promote ethical garbage 

disposal by the general public.It contributes to keeping 

public places tidy and appealing. 
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