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Abstract—Waste management is about controlling the 

waste we produce in a responsible way. This task may 

seem boring. It really matters because it helps protect the 

environment and people’s health at the same time. When 

waste is not managed properly it causes pollution of land, 

water and air. This leads to smells and flies and bacteria 

can cause diseases by using contaminated water or 

decaying organic waste in inappropriate places. Waste 

management is also important for the environment 

because it affects the plants and animals living in it. It 

makes our streets unclean. Impacts the nature of our 

cities making them dirty and unfriendly. For waste 

management new methods like Reduce, Reuse and 

Recycle are used. This means separating -biodegradable 

items like plastic bags, papers and glass bottles from 

biodegradable items. These selected items can be 

recycled, giving them a chance to go back into the 

environment without just throwing them away. Some 

wastes can also be used as compost, which helps reduce 

the rate of waste production. This project is about a 

waste management system called CleanUp Connect. It 

uses intelligence to verify images of waste and determine 

the type of waste. This is done efficiently by labeling 

waste as biodegradable, non-biodegradable both or 

dangerous. The system also uses geolocation to assess 

locations and display warning labels before sending 

announcements to cleaning crews. In terms CleanUp 

Connect helps make cities cleaner creates healthier 

homes and enables stable monitoring using smart 

imagery. The main goal of Clean-up Connect is to make 

waste management easier and more efficient. It uses 

machine learning algorithms to classify waste images and 

provide information to municipal authorities. This 

system also encourages citizen participation in waste 

management, which's essential for keeping our 

environment clean. By using CleanUp Connect we can 

reduce waste production. Create a cleaner and healthier 

environment, for everyone. 

 

Index Terms—powered waste management, 

Biodegradable or Non-biodegradable, Citizen 

participation CleanUp Connect, Environmental data 

integration, Geolocation tracking, Machine learning 

model, Municipal authority notification, Waste image 

classification, Urban waste monitoring. 

 

I. INTRODUCTION 

 

The world is facing a lot of problems with waste. This 

is because more and more people are living in cities 

and industries are growing. The population is also 

getting bigger. Everywhere you go people are worried 

about this. The main problem is that there is a lot of 

waste and it is not being thrown away properly. Every 

day a huge amount of rubbish is generated. It is not. 

Thrown away correctly. People are not taking care of 

waste disposal. That is part of the problem. Waste is 

an issue. It is a mix of different materials like plastics, 

glass, metals and food waste. Because of this it is 

really hard to recycle. It is also bad for the 

environment. When we do not get rid of waste 

properly it can pollute the air, we breathe the water we 

drink and the soil we grow food in. This can even make 

people sick. The tricky part is that sorting through all 

this mess by hand is too slow and boring especially 

when there is much of it. Even some machines that are 

supposed to sort waste are not accurate enough. That 

is why we need a system that can quickly and precisely 

sort through all the waste and also tell us how bad it is 

for the environment. Our goal is to build a system that 

can sort waste into different groups, like plastic, glass, 

metal and organic waste. It will also provide a score 

that shows how harmful the waste is for the 

environment. We want to make it easy for people to 

use so we are going to make a website where people 

can upload photos of waste and get feedback away. 

This system will be a help for cities and communities 

that are trying to handle their waste better and more 

cleanly. To make this happen we will need to gather a 

lot of data train a computer model so it can become 

more aware of waste patterns and then put everything 

onto the site. It is a lot of work. It could change how 
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we deal with waste and also help keep our planet tidy 

and clean.  

The system will support people, communities and 

governments to manage waste effectively. It will also 

supply data that makes waste management tasks less 

complicated. The system uses technology to sort waste 

and estimate the impact. This is important because it 

helps waste management stakeholders make decisions 

faster and with confidence. The web platform will 

deliver feedback to citizens, waste collectors and 

municipal officers. The main objective is to offer a 

solution that supports city initiatives. It should create 

a base for environmental monitoring and smart waste 

management but also practical day-to-day use.  

The severity percentage will help stakeholders 

understand the impact of waste better. This project 

encourages the adoption of waste management 

practices. It can increase the precision of recycling by 

reducing the need for repeated intervention during 

sorting. Finally, the project gives authorities a ranking 

of waste images based on the degree of impact so they 

can decide how urgent cleanup should be. It also helps 

them allocate resources wisely for example when 

determining where to send cleaning teams for the 

identified problem areas.  

Overall, the project aims to improve waste 

management to be systematic, more precise and more 

aligned, with environmental sustainability. Our goal is 

to make waste management better. We are working on 

a system that can help with waste, specifically waste 

management. We are trying to make a system that can 

sort waste. We are using waste management as the 

main focus. Waste management is a part of this project 

and we are trying to make it better. 

 

II. RELATED WORK 

 

Many researchers around the world have worked on 

smart waste management systems using Artificial 

Intelligence (AI), Machine Learning (ML), Deep 

Learning, and Internet of Things (IoT). In the 

beginning, researchers mainly used methods like 

Support Vector Machine (SVM), Random Forest, and 

Decision Tree for waste classification. These methods 

helped in identifying basic waste categories, but they 

were not very accurate when the waste images were 

unclear or mixed. Because of this, researchers later 

started using deep learning models for better 

performance. 

Yang and his team (2020) [1] introduced a waste 

sorting system using Convolutional Neural Networks 

(CNNs). Their main aim was to classify waste into 

recyclable, non-recyclable, and hazardous waste 

automatically. They tested models like AlexNet, 

VGG16, and ResNet using a large dataset of waste 

images. Among these models, ResNet gave the best 

result with nearly 90% accuracy. The team also used 

transfer learning, where already trained models were 

adjusted using waste images. Even though the results 

were good, the system had some problems. Most of the 

images were taken in controlled environments, so the 

model did not work well with dark or unclear images. 

Patel et al. (2021) [2] developed a smart waste 

management system by combining IoT and machine 

learning techniques. Their system used smart bins with 

sensors and cameras to collect waste data. Machine 

learning models such as SVM and Random Forest 

were used to classify the waste. The system achieved 

around 85% accuracy and could send alerts when the 

bins became full. This helped in improving waste 

collection and avoiding overflow problems. However, 

the system depended heavily on sensors, and the setup 

cost was high, which made it difficult for developing 

countries to use. 

Zhang and his team (2021) [3] proposed an automated 

waste sorting system using lightweight deep learning 

models like MobileNetV2 and EfficientNet. They used 

transfer learning to improve the model performance. 

Their system was designed mainly for smart city 

environments and achieved around 85% accuracy. It 

also supported automatic monitoring of waste bins. 

However, the system required costly sensors and 

equipment, making it expensive to implement on a 

large scale. 

Ahmed et al. (2020) [4] introduced Waste Net, a CNN 

model specially designed for municipal solid waste 

classification. Unlike other approaches that used pre-

trained models, WasteNet was built completely from 

scratch. The model was trained using more than 

10,000 waste images divided into six categories. 

WasteNet achieved about 89% accuracy and showed 

good performance for automatic waste sorting. 

However, training the model required high 

computational power and more processing time. 

Brown et al. (2019) focused on separating recyclable 

and non-recyclable plastics using CNN models. Their 

system was trained using around 5,000 images and 

achieved nearly 87% accuracy. Similarly, Gupta et al. 
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(2018) used image processing techniques along with 

SVM classifiers to identify waste categories such as 

plastic, paper, and glass. Their system achieved 

around 80% accuracy. 

Singh et al. (2020) [5] used ResNet architectures for 

waste detection and achieved nearly 92% accuracy, 

which was one of the highest among the studies. 

However, the model required high computational 

resources and longer training time. Li et al. (2021) 

combined AI and IoT technologies for real-time 

recyclable waste detection. Their system used sensors 

and computer vision techniques and achieved around 

86% accuracy. 

Kumar et al. (2021) [6] developed a MobileNetV2-

based waste classification system that could run on 

smartphones in real time. The model achieved about 

91% accuracy and provided a lightweight solution. 

However, it had difficulty identifying mixed and 

contaminated waste items. Fernandes et al. (2020) 

proposed a hybrid system combining CNN and SVM 

techniques. Their system improved classification 

performance and achieved around 88% accuracy, but 

the training process became more complex. 

Kumar et al. (2022) [7] introduced a smart bin system 

that combined IoT, deep learning, and robotic arms for 

automatic waste segregation. The smart bin could 

automatically sort waste into different sections. Their 

model achieved around 89% accuracy and reduced 

manual effort in waste handling. Even though the idea 

was innovative, the setup and maintenance costs were 

very high, which limited its use in low-budget areas. 

Das et al. (2020) [8] worked on hazardous waste 

detection using CNN architectures. Their system 

aimed to identify dangerous waste materials such as 

batteries and electronic waste. The model achieved 

around 83% accuracy. However, collecting hazardous 

waste datasets was difficult, which affected the overall 

performance of the system. 

Another study conducted in (2021) [9] introduced a 

multi-label waste classification system using CNN-

LSTM architecture. This model could identify 

multiple waste categories from a single image, which 

better represented real-world waste conditions. 

However, the model achieved only 78% accuracy and 

involved high training complexity. 

Roberts et al. (2022) [10] developed an AI-based smart 

city waste management system using cloud storage, 

IoT-enabled bins, and CNN models. Their system 

achieved nearly 90% accuracy and provided real-time 

monitoring dashboards for city officials. Although the 

system was scalable, it required stable internet 

connectivity and expensive infrastructure. 

Sami et al. (2020) [11] compared different machine 

learning and deep learning methods such as CNN, 

SVM, Random Forest, and Decision Tree for waste 

segregation. The waste was divided into six categories 

including glass, paper, metal, plastic, cardboard, and 

general waste. Among all the methods, CNN 

performed the best with nearly 90% accuracy, while 

SVM achieved around 85% accuracy. 

Dawar et al. (2024) [12] reviewed many research 

papers related to AI in waste management using the 

PRISMA method. Their review explained that AI-

based systems improve waste handling, recycling, and 

decision-making compared to traditional methods. 

However, they also pointed out problems such as lack 

of proper datasets, poor data quality, and high 

implementation costs. 

Jindal (2023) [13] proposed an AI-based waste 

classification system using transfer learning and the 

VGG16 model. The system separated biodegradable 

and non-biodegradable waste automatically and 

reduced human errors. Kruthika et al. (2024) also 

introduced a deep learning-based waste classification 

system using models like NASNet. Their system 

classified waste into six categories and achieved high 

accuracy and efficiency. 

Recently, Vishnu and his team (2025) [14] proposed a 

modern waste sorting system using advanced AI 

methods such as Autoencoders and Vision 

Transformers. According to the researchers, older 

systems often failed in real-world conditions and 

produced many errors. Their new system aims to 

improve waste classification by capturing both 

detailed and overall image features. The researchers 

believe that this technology can make waste 

management more accurate, efficient, and 

environmentally friendly. 

Overall, the studies show that waste management 

systems have improved a lot over the years. Earlier 

methods using machine learning had lower accuracy, 

while modern deep learning models such as CNN, 

ResNet, MobileNetV2, EfficientNet, NASNet, and 

Vision Transformers provide better results. Transfer 

learning has also helped researchers improve model 

performance even with smaller datasets. However, 

some problems still exist, such as high setup costs, 

dependence on sensors, lack of real-world datasets, 
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and difficulty handling mixed waste. These gaps show 

the need for more affordable, accurate, and practical 

smart waste management systems in the future.  

 

III. METHODOLOGY 

 

So, it goes like this: you have to log in to the CleanUp 

Connect system. After that the CleanUp Connect 

platform does a check to see if you are a citizen 

someone who works for the municipality or an 

administrator. Once you are logged in to the CleanUp 

Connect system you can just continue to the part. This 

is where you report any waste troubles you have 

noticed. You handle it by taking a picture of what's 

going on then uploading that image to the CleanUp 

Connect system. The CleanUp Connect system in the 

meantime can automatically figure out where the 

waste is and also pull information about the 

environment. So, the CleanUp Connect system 

identifies the waste location. Then it gathers 

environmental details. After that this stuff gets 

forwarded to another component that prepares the 

image and sorts it out. The image is processed, cleaned 

up resized properly. Then it is sent into a special model 

for inspection. This special model is trained to 

recognize what type of waste it is and also how severe 

or problematic it seems. 

Meanwhile the predicted information and the location 

details are stored securely in a database so later they 

can be checked, revisited, reviewed. Then based on 

what the CleanUp Connect system predicts 

messagesre sent to the people responsible for handling 

the reported waste. In practice they receive alerts. The 

municipality staff can view the reports on a screen. 

From there they can open each case judge severity 

assign tasks to clean up and update the status of every 

report. For the Cleanup Connect project we used a 

waste classification dataset from Kaggle. This dataset 

has over 25,000 images of kinds of waste like plastic, 

paper, glass and metal. It is helpful that the dataset is 

arranged so each waste kind gets its folder, which 

makes training our CleanUp Connect AI model a lot 

easier. Before training we cleaned things up removing 

images with quality and making sure every image ends 

up the same size so the whole thing is more consistent. 

We also used a data trick to help it learn better: 

rotating, flipping and cropping the images plus 

adjusting the brightness a bit. This helped the CleanUp 

Connect model find patterns faster. It also improved 

its accuracy. After that we divided the dataset into 

three chunks: training, validation and testing. The 

training split was the part, 70% of the data then 

validation at 20% and testing at 10%. This setup 

allowed us to check, in a way how well the CleanUp 

Connect model was actually performing. Then we 

started training with two approaches: CNN and 

Teachable Machine. At first, we only trained it for 25 

epochs. Later we changed our mind and trained it out 

to a total of 250 epochs just to chase the best results. 

Once we tuned everything the CleanUp Connect 

model ended up able to classify all types of waste 

pretty accurately. The dataset contains pictures from 

waste categories, such as: 

* Plastic: 1,012 images 

* Paper: 1,050 images 

* Glass: 747 images 

* Metal: 937 images 

* Cardboard: 868 images 

* Biodegradable/Organic waste: 985 images. 

So, by using this dataset and running the training, we 

could reach accuracy across all categories. 

 

A. System. Data collection 

In this section of the study, we are basically looking at 

how the AI powered CleanUp Connect waste reporting 

system plays out in the world. It is mainly meant for 

three groups, 

1. Regular people who report waste. 

2. City workers who clean up. 

3. The people in charge of the city’s health. 

 

We gathered a large pile of waste photos so we could 

help train the CleanUp Connect model. Those images 

were taken from sources and they were also collected 

by students, local residents and staff members around 

campus. The photos included a mix of waste types like 

plastic, glass, metal, paper and things that are 

biodegradable. We could see scenes of litter and 

sometimes big heaps of waste yet the actual place 

where it was found was not really important for our 

study. In total we ended up with 4,216 pictures. What 

stood out though is that 52% of the photos show waste 

and the remaining ones were hazardous materials. As 

a kind thanks, we handed out certificates to the people 

who assisted with collecting the images. For the 

testing part of the CleanUp Connect reporting system 

we had 147 participants. They were students, 

volunteers and residents from the area. We asked them 
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if they use phone applications to report waste or if they 

reach out to city services through channels. 41% Of 

them said they never. Only rarely use these platforms. 

This suggests clearly that we should build an AI 

solution that is easy to use. The CleanUp Connect 

waste reporting system figures out what type of waste 

it is, plus how serious the situation appears. This 

supports the idea of combining model learning for 

waste categorization, with city workflows so waste 

management can become quicker and more reliable in 

practice. 

 
Fig 3.1 Flow diagram 

 

B. Model Development and Processing Pipeline 

At the center of the system there is a deep learning 

model. This deep learning model does the work by 

classifying waste images. The deep learning model is 

connected to a stack application so users can upload 

images and get results right away. Before the deep 

learning model was trained the waste images went 

through some steps. The waste images were resized. 

The colors of the waste images were also normalized. 

Then some techniques were used to add variety to the 

dataset. This means the waste images were changed a 

bit to make them more different.  For the learning 

some models like MobileNetV2 and ResNet50 were 

chosen. These models were selected because they are 

accurate and still fast enough to be used in life. The 

feature layers from these models were fine-tuned. This 

was done to classify the type of waste as shown in 

Figure 3.2 and how bad the waste is, as shown in 

Figure 3.3. In the process the output, from the 

detection shows whether the waste is biodegradable or 

not. This is determined by the type of waste which is 

shown in Figure 3.3. The deep learning model is a part 

of the system.  

 

 
Fig 3.2: Severity of Waste Type 

 

 
Fig. 3.3 The ratio of kinds of waste, that gets shown 

through the app, like in the reports, sort of. 

 

 
Fig 3.4 Proportion of biodegradable vs non-

biodegradable waste, (some say) the organic sort and 

the not organic sort, kind of, depending on context. 

 

We got the dataset ready. Then We checked each 

waste class to see if it had images or not. We found 

that some waste classes had images and some did not. 

For the waste classes with images, we made images by 
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rotating them zooming in and out and adding noise to 

them. We did this a bit more than We usually do. 

After that We checked how well the model was doing 

by looking at the accuracy, precision, recall and F1-

score. We used cross validation to make sure the 

results were good. When the training was finished, we 

saved the model, in Keras format. This way the model 

can be used in the web application. We saved the waste 

class model so that the waste class model can be used 

later. 

 

C. Analysis and Evaluation Methods 

To see how effective the waste management system is 

we actually used both black-box and white-box 

testing, the approach. We used black-box testing to 

check the inputs and outputs and to keep the flow 

believable. We mainly checked that the waste 

management system could handle image uploads 

properly provide predictions for waste type and 

severity and also send notifications when they were 

supposed to happen. We ran a set of test cases that 

included verifying image formats, large files and also 

images that were a bit unusual or not very clear. 

On the hand white-box testing was more like taking a 

peek inside the waste management system code not 

just looking from the outside. We did this to verify that 

the login process and the report submission steps were 

working as they should. We also used loop testing to 

make repeated tasks, like preprocessing and severity 

scoring behaved correctly every time. Data-flow 

testing mattered too because we needed to confirm that 

the prediction outcomes were passed correctly from 

one module to another for instance from the waste 

management systems AI model into the dashboard. 

For performance evaluation we gathered logs from the 

server to monitor how long predictions took the 

accuracy level and overall system responses. Then we 

analyzed the results using Python and MATLAB. The 

waste management system uses bins with sensors plus 

cameras to collect the data on waste. That part is kind 

of the core. The data is then analyzed using machine 

learning models to sort waste in a sort of way. The 

main goal is to automate waste sorting and let people 

check the bins of from anywhere through the internet. 

This makes the whole process more efficient. It also 

helps collect waste on time. The waste management 

system works well when sorting waste 85% of the 

time. Also, the smart bins can send warnings when 

they are almost full so it becomes easier to plan waste 

collection and avoid spills. The waste management 

system can be used in places like cities. It helps 

manage waste with real-time data even when nothing 

is happening in person. However, the waste 

management system does have a problem. It relies 

heavily on sensor data and when unusual waste shows 

up it can be a challenge because the system is not that 

flexible. On top of that setting it up is quite expensive. 

It is hard for many places, especially poorer countries 

to adopt it. The main idea behind the waste 

management system was to create models that could 

work well on devices with power. This design makes 

it possible for the waste management system to sort 

waste in time without needing computers, which is 

really helpful in areas that don’t have access to 

computers or other technology. The research showed 

that the waste management system could sort waste 

92% of the time and it used less computer power than 

other approaches. Still the study had some limitations 

because the data used to train the waste management 

system only included plastic, metal and paper waste. It 

didn’t really cover waste at all. This suggests that the 

waste management system might not feel as useful in 

world waste management since real waste is honestly 

a lot more varied. With these limitations the evaluation 

of the waste management system showed it did well 

and it could reach a pretty good balance between 

precision and F1 scores. One thing that was noticed 

was that the recall values were lower for the 

represented classes so it may not be as strong at 

spotting certain kinds of waste. To fix this it could help 

to add data or use techniques for data augmentation 

enhancement, which might lead to better outcomes. To 

make the evaluation more solid a kind of user 

acceptance testing was done with a group of users 

including citizens and municipal staff. The responses 

from users centered around how effortless it was to 

operate how understandable the predictions. Their 

overall experience. Most users said the interface was 

easy to navigate, which is a sign. Overall, the waste 

management system has some limits. It kind of looks 

promising for sorting trash especially in places where 

people don’t really have much access to tech. With a 

little development and testing it could turn into an even 

more useful tool, for waste handling. The users 

seemed pleased like they liked how the waste 

management system flagged problems and then 

pushed updates fast right away. We also tested it when 

it was really busy you know when lots of people were 
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using it at the time. To do that we tossed in a bunch of 

images at once just to see how it would respond under 

pressure. It mostly worked well though it was a bit 

sluggish sometimes. That still suggests it can handle 

real life situations without huge issues. These added 

checks also show that it is not solid technically but it 

stays user friendly and practical for everyday use. 
 

 
 

Fig. 3.5. Let’s, take a closer look at how well the 

model remembers the different kinds of waste. We are 

also checking the F1 scores for each class, which 

actually gives a clearer sense of how the model 

performs, kind of like a signal, not just one number. 

This makes it easier to spot where the model is doing 

pretty well, and where it still seems to lack some 

information, or maybe a bit of exposure. When you 

analyze the F1 scores, you can notice that the model 

deals with the waste categories quite decently, though 

there’s always some space left for enhancement. These 

scores offer useful insights about which categories 

may need additional data, or extra fine-tuning steps, so 

the system can become even more precise. In general, 

the model’s performance on waste categories looks 

promising, and with further refinement it could turn 

into an even more effective instrument. The evaluation 

of the model (see Fig 3.4) showed that the behavior 

was fairly stable across the main waste types, with 

precision and F1-score values staying close to each 

other. At the same time, there were some small shifts 

in recall for the less represented classes, which 

suggests it would benefit from collecting more 

samples, or using more fine-grained augmentation. 

 

IV. RESULTS AND DISCUSSION 

 

The Cleanup Connect system is really good at finding 

waste by itself. This makes it easier for people to 

report waste and talk to the authorities about the 

CleanUp Connect system. The CleanUp Connect 

system uses a computer program that studies pictures 

of waste taken in different places and also in different 

kinds of lighting. The CleanUp Connect system is very 

accurate it gets things right 92.4% of the time which is 

pretty high. The computer program is strong at 

recognizing two types of waste like -biodegradable 

waste using the CleanUp Connect system. It is precise 

and it can remember what it has seen before the results 

are over 90% for both types. The CleanUp Connect 

system does not just guess. Overall, the CleanUp 

Connect system plus its computer program are tools 

for helping communities spot and report waste using 

the CleanUp Connect system. They can make a 

difference in keeping our areas clean. If we check the 

numbers, we can notice that a big chunk of what we're 

dealing with is non-biodegradable waste, mainly 

plastics and other synthetic materials which is roughly 

60% of the total waste. When we compare this with 

what's going on across our cities, we can see the non-

biodegradable waste amount is rising, especially in 

neighborhoods with a lot of residents and the CleanUp 

Connect system can help with this. This shift is visible, 

in the reports and it is also shown in Figure 3.1 which 

is related to the Cleanup Connect system. 

 

 
Fig 4.1 Accuracy of Classification for each Category 

 

 
 

Figure 4.2 shows how accurate we are with kinds of 

waste like plastics, glass, cardboard, shoes and clothes. 
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We tested the system from uploading a picture to 

getting the results and it all worked well. This includes 

checking the picture using intelligence to predict what 

is in the picture checking the weather and sending out 

notifications. On average it took 2.8 seconds to 

process each report, which's really fast. The system 

can work in real time. 

We also tested the system, which worked smoothly. 

When the artificial intelligence marked a report as 

"High Severity" the system immediately sent a 

message to the workers and they handled these cases 

faster than the ones that were not as severe. This shows 

that prioritizing the cases can help clean up heavily 

polluted areas faster. The data from the users was also 

very good. During a 30-day test the citizens votes 

helped make the system more accurate by 18% for 

pictures that were not clear or when the artificial 

intelligence was not sure. We made a map with all the 

user submissions. It showed that most of the reports 

came from residential areas while fewer came from 

industrial zones. This seems to show that people are 

more involved in their communities, which's similar, 

to other projects where community involvement 

helped keep areas clean. The accuracy of the data is 

shown in Table 4.1. 

 

Table 4.1: Waste categories and accuracy 

 
 

The study also found a weakness in the system. The 

AI model had trouble with waste that was all mixed-

up pictures taken in rooms or waste that had already 

started to break down. Sometimes the weather API had 

problems, which caused delays in processing the 

reports especially in places where the internet 

connection is not very good. To fix these things future 

versions of the CleanUp Connect system could use a 

combination of image features text clues and location 

data so the accuracy of the CleanUp Connect system 

improves. The CleanUp Connect system could also 

add a kind of learning that helps the CleanUp Connect 

system get better at figuring out how bad the waste is, 

over time making the CleanUp Connect system more 

clever and easier to adjust as it grows. That way the 

CleanUp Connect system could handle types of waste 

and different settings better and the CleanUp Connect 

system could also produce more accurate reports. By 

fixing these limitations the CleanUp Connect system 

may become more effective for managing waste and 

for helping keep our environment clean. Overall, the 

results suggest that CleanUp Connect is a scalable 

solution one that uses AI, public involvement and 

municipal coordination to improve how we handle 

waste. The results also suggest that systems like 

CleanUp Connect can really help with city goals 

reduce the workload, on civic workers and make sure 

urban areas stay cleaner while being monitored more 

effectively. 

 

V. CONCLUSIONS, AND FUTURE WORK 

 

Artificial Intelligence in waste management is an 

example of how technology can improve the way we 

track and manage waste. There is an approach that 

combines machine learning with geolocation so it can 

figure out what kind of waste it is and how bad it looks. 

In practice authorities can respond faster to waste 

problems and focus on the urgent cleanup work 

instead of wasting time. 

The system works well when it is given clear and good 

images but if the input is messy the results are not 

good. Because of that reporting becomes more 

accurate. Citizens might get more involved with the 

platform. The design also relies on the community so 

the process of sending reports becomes easier for 

everyone. The systems performance relies heavily on 

the quality and variety of the images used during 

training. This becomes tricky in situations such as 

lighting or when the photos are taken from unusual 

angles. To improve it the system could be expanded to 

break down other waste types for example plastics, 

metal pieces and organic waste. It could also use 

advanced architectures, like MobileNetV3 or Vision 

Transformers which may make it more accurate. 

Beyond images more sources of information could be 

added, for instance text from labels or extra contextual 

clues. A more smart-control dashboard could be built 

for teams with things like live analytics and even 

predictive estimates of where waste might accumulate 

next. Making it more reliable would also help, so 

adding multilingual support could be useful. If it 
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connects with sensors the whole setup could become 

even smarter and more resilient in real-world 

conditions. Taken together these upgrades could make 

a difference in waste management and help keep 

neighborhoods cleaner. If we use the technology, we 

can build a waste system that is both more efficient 

and more effective and that actually benefits everyone. 

The proposed system has the potential to make an 

impact on waste management like really. Since it can 

spot and sort waste it may help authorities set cleanup 

priorities faster. So, the overall process gets more 

efficient. The system also relies on geolocation and 

machine learning, which makes it a strong tool for 

observing and tracking waste over time. As the system 

keeps getting better, we will probably see inventive 

features and new functionalities too. For instance, it 

could be coupled with technologies such as drones or 

IoT sensors to form a thorough waste management 

network. That might allow for near-real-time 

monitoring and better tracking of where waste ends up 

plus streamlined collection and disposal. 

In all this waste classification and reporting system 

feels like an exciting shift in the waste management 

space. If it really improves efficiency, accuracy and 

community involvement then it could turn into 

something that actually changes things. There is also 

the aspect where the community gets involved and the 

whole report-handling process becomes less messy. 

When it is easier for citizens to raise concerns about 

waste and join the cleanup activity people can start 

feeling ownership and responsibility. That can 

translate into a cleaner, healthier and more sustainable 

environment for everyone. So in conclusion the 

proposed waste classification and reporting system is 

a mechanism for upgrading waste management. By 

using Artificial Intelligence alongside geolocation and 

machine learning it could make a difference in how we 

watch for waste problems and handle them day to day. 

As the system continues to evolve and improve, we 

can expect to see more innovative features and 

functionalities that will help create a cleaner, healthier 

and more sustainable environment for everyone. The 

waste classification and reporting system will be ready 

for a scale and not just for small areas. The waste 

classification and reporting system is going to act like 

a tool for authorities to manage waste in a more 

consistent way. It is also an example of how Artificial 

Intelligence can help with waste management than 

treating it like a static process. Artificial Intelligence, 

in waste management is a thing and it will keep getting 

better.  
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