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 The scenario of municipal solid waste management is becoming increasingly complex 

with rapid urbanization and population growth, which is heavily affecting the 

environment. Conventional waste management systems have inefficiencies in routing, 

collection, and tracking, as well as a lack of public engagement. To overcome these 

challenges, this paper proposes an intelligent waste management system that 

combines Artificial Intelligence, Internet of Things, and computer vision. 

The system integrates real-time GPS location tracking for garbage trucks and AI-

driven route optimization to optimize efficiency. Smart bins, enabled with IoT 

technology and ultrasonic sensors for fill-level measurement, automate waste level 

determination. Computer vision analysis indicates waste buildup and illegal 

dumping, while predictive analysis determines future trends in waste generation, 

allowing dynamic route adjustment. A citizen mobile app enables users to monitor 

collection schedules, lodge complaints, and engage in reward incentives for 

cleanliness. Noise pollution monitoring to reduce the environmental footprint of 

garbage trucks is also included, along with a government dashboard that provides 

insights through data analytics. 

Simulated urban testing showed considerable increases in efficiency, lowering 

collection times by 26%, fuel consumption by 31%, and boosting citizen satisfaction 

levels by 42% compared to existing systems. Utilizing the power of smart technology, 

this model can change the face of waste management, making it eco-friendly, an 

affordable solution, and inclusive of the citizens. This research paper emphasizes the 

role of AI, IoT integration, and data solutions in the development of smart cities. 

1. Introduction 
1.1.  Background and Motivation   

Urban areas are faced with the growing problem of municipal solid waste management (MSWM). It is projected 

that global waste will increase by 70% by the year 2050 (World Bank, 2018). Conventional waste collection methods 

rely on predetermined frequencies and routes; hence, waste collection becomes inefficient since, while on the trip, 

some bins may not be full, but one or more of the bins are filled to their capacity and overflows. This condition is 

known as inefficiency (Anagnostopoulos et al., 2017). 

The emergence of smart technologies, such as the Internet of Things, AI, and data analysis, presented 

opportunities for optimizing waste management. Smart waste management technology leverages these technologies 

to make possible real-time monitoring, intelligent route optimization, and public engagement for more efficient and 

sustainable municipal waste collection (Pardini et al., 2020).    

1.2. Problem Statement   
Unfortunately, despite the progress made in urban development and planning, the waste management sector is 

still faced with a number of challenges: 

• Routing inefficiencies result in high fuel consumption and hence high car bon emissions. 

• They are not responsive to changes in waste generation patterns. 

• Spilling bins that result in hygiene issues, including possible environmental hazards.  4. The waste 

management system is opaque and does not offer avenues for citizen participation. 
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• Comparatively difficult to identify and act on illegal dumping. Very little data available for long-term 

waste management.  

These problems are mainly prevalent in tightly populated urban areas where current waste collection 

infrastructures struggle to keep up with the increasing demand (Esmaeilian et al., 2018). 

1.3. Research Objectives   

This research work will aim at developing an AI-based Garbage Truck Detection & Waste Management System 

to counter the limitations in the current municipal waste management system. The primary objectives are as follows: 

A system architecture design for the integration of various smart technologies. Real-time tracking and routing 

optimization for garbage collection trucks. An artificial intelligence system for waste management through 

computer vision and IoT sensors. 

Develop models for predictive analytics that illustrate waste generation patterns. Improving citizen participation 

through engaging mobile and web applications. Offering key insights to the concerned local authorities through a 

data-driven dashboard. Assessing the performance of the system regarding collection efficiency, fuel use, and citizen 

satisfaction. This research work is related to the improvement of efficiency in the management of waste, making it 

environmentally sustainable through the application of AI and IoT technology in waste management. 

2. Literature Review 

2.1.  Evolution of Smart Waste Management Systems 

Smart waste management systems have undergone significant evolution over the years. This is due to advancements 

in various fields such as technology, IoT, and others. With these advancements, there has been an increase in the 

level of smartness associated with waste management systems. In this regard, it is worth noting that smart waste 

management systems are evolving from simple waste management systems. 

Trash-to-Treasure: Waste Management–Traditional to Smart   

Trash management practices have transformed from manual methods to smart approaches that combine IoT, AI, 

and data analytics (Esmaeilian et al., 2018). Traditional methods were primarily concerned with level measurement 

through ultrasonic sensors (Glouche & Couderc, 2013), whereas current innovations are geared toward route 

optimization and predictions (Sharma et al., 2020). 

2.2. IoT in Waste Management 

The Internet of Things (IoT) is revolutionizing numerous sectors including waste management. The use of IoT in 

waste management has increased significantly over the years. This technology helps in monitoring and managing 

waste in a more efficient manner. The IoT system uses various sensors to track the amount of waste being generated 

from different locations. Based on the data collected, the waste can be managed effectively. 

The IoT in waste management involves the use of sensors that create a network. This network helps in detecting 

and tracking the amount of waste being generated from different sites. The sensor devices are connected to the 

internet, which allows them to communicate with each other. The internet also enables the data collected from the 

sensors to be accessed from anywhere. This increases the efficiency of the waste management process. In addition, 

the IoT in waste management reduces labor costs, as there is no need to manually monitor and manage the waste. 

The IoT in waste management has several benefits. One of the advantages is the increased efficiency in the waste 

management process. The IoT in waste management uses sensors that track the amount of waste being generated 

from different locations. This information helps in managing the waste effectively. Another benefit of the IoT in 

waste management is the reduction of labor costs. The use of sensors in waste management eliminates the need to 

manually monitor and manage the waste. This reduces labor costs, as employees are not required to manage the 

waste. 

There are some disadvantages associated with the IoT in waste management. One of the demerits is the security risk 

associated with the internet connection. The use of IoT in waste management requires an internet connection. This 

internet connection poses a significant security risk, as it can be easily hacked. Once the internet is hacked, the entire 

system is compromised. This puts the lives of people at risk. Another drawback of the IoT in waste management is 

the dependency on technology. The IoT in waste management relies on technology to monitor and manage the 

waste. This hinders the development of the country, as it depends on technology for everything. This makes the 

country less dependent on itself. 
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In conclusion, the IoT in waste management is a technological advancement that has increased efficiency in the 

waste management process. The IoT in waste management uses sensors that track the amount of waste being 

generated from different locations. This information helps in managing the waste effectively. Additionally, the IoT 

in waste management reduces labor costs, as there is no need to manually monitor and manage the waste. The IoT 

in waste management has various disadvantages, including the security risk associated with the internet connection. 

The use of IoT-based smart bins using ultrasonic, weight, and image sensors enable real-time level information 

(Pardini et al., 2020). LoRaWAN and NB-IoT wireless communication enables efficient data transfer (Cerchecci et 

al., 2018). Improved collection efficiency of 30% is reported by optimizing collection routes (Shyam et al., 2017; 

Kumar et al., 2022). 

2.3. Applications of AI & Computer Vision AI improves waste management by 

• Dynamic route optimization via reinforcement learning (Jiang et al., 2020). 

• Waste prediction models with accuracy >85% (Anghinolfi et al., 2018). 

• Automatic waste categorization (accuracy of 87%) and illegal dumping identification using CNNs 

(Bobulski & Kubanek, 2019; Chu et al., 2018). 

 

2.4. Route Optimization 
Route optimization refers to the process of finding optimal routes by using algorithms in order to maximize the 

number of customers that can be served based on the available resources such as the number of vehicles and the 

capacity of the vehicles. In this case, it will involve the use of algorithms to analyze the routes and serve the 

maximum number of customers based on the number of vehicles that will be used. 

Using more sophisticated algorithms (genetic algorithms, ant colony optimization), the collection period can be 

reduced by 15% by taking into account real-time traffic and bin information (Hannan et al., 2018; Niska et al., 

2019). Using GPS dynamic routing, fuel consumption and waiting times are further reduced (Singh & Patel, 2023). 

2.5. Citizen Engagement Platforms 
Mobile applications enhance citizen engagement in waste reporting, although real-time complaint resolution is not 

yet possible (Lanzilotti et al., 2019; Anh Khoa et al., 2020). 

2.6.  Research Gaps 
There are gaps in the existing literature on the topic of research impact and the benefits of open access publishing. 

In relation to the factors that influence the impact of research, certain studies have concentrated on the role of 

research institutions in influencing research outcomes. Other research has focused on the impact of research on 

specific stakeholders, including governments, and how these impacts can be determined. However, there are also 

other factors that have not been considered by previous studies, and these form part of the research gap. 

The existing systems do not have the following: 

1. IoT, AI, and public feedback-based integrated frameworks. 

2. Real-time bi-directional communication. 

3. AI-based enforcement of compliance regarding illegal dumping. 

4. Advanced predictive analytics for dynamic waste management. 

5. Holistic performance metrics (for example, fuel savings, public satisfaction). 

 

3. Methology 

3.1. System Architecture Overview  
  

http://www.tejasjournals.com/


TEJAS Journal of Technologies and Humanitarian Science 

ISSN-2583-5599 

Vol.05, I.02 (2026) 

https://www.tejasjournals.com/ 

https://doi.org/10.63920/tjths.52003 

 
 

 

Vijay Kumar Tiwari 

 

 

 

20 

 

 
Fig 1. Architecture of Zone-Level and City-Level Prediction Model  

The proposed AI-based Garbage Truck Detection & Waste Management System utilizes a multi-tier smart 

architecture for effective management of waste collection, surveillance, and decision-making. The 

management system comprises four layers that make use of IoT, AI, and cloud computing: 

3.2. Data Acquisition Layer 
It monitors and gathers real-time data from: 

• IoT-based smart bins (ultrasonic level sensors, weight sensors 

• GPS systems for monitoring the location of garbage trucks 

• Citizen engagement through mobile apps (e.g., for overflowing bins or dumping of refuse) 

• Noise and environmental sensors for evaluation of operating effects 

3.3. Layer of data processing: Raw data is processed using: 
• CNN-based computer vision technology used for garbage pileup detection, waste identification, and 

illegal dumping. 

• Dynamic routing optimization algorithms (for example, hybrid genetic algorithms) that will adjust routes 

according to real-time bin fill levels, traffic, and truck size. 

• Predictive analysis using LSTM networks and seasonal decomposition for predicting the trends of waste 

generation. 

3.4. Application Layer  
Processed data is utilized through:  

• Government dashboard: Provides municipal authorities with actionable insights (e.g., route efficiency, 

fuel consumption, compliance reports).  

• Citizen mobile app: Enables real-time tracking of collection schedules, complaint submission, and reward-

based engagement.  

• Automated alert system: Notifies stakeholders (drivers, officials) about overflowing bins, route 

deviations, or maintenance needs.  

3.5. Infrastructure Layer  
The physical and network backbone contains:  

• Smart  bins with  embedded  sensors  and  wireless  connectivity (LoRaWAN/NB-

IoT).  

• Garbage trucks equipped with GPS and onboard telemetry.  

• Cloud servers and secure APIs for scalable data storage and inter-layer communication.  

3.6. System Integration  
All layers interact via RESTful APIs and cloud platforms (e.g., AWS, Azure) to certify:  

• Real-time data synchronization between sensors, AI models, and applications.  

• End-to-end encryption for data security and user privacy.   

• Scalability to accommodate urban expansion.  
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 Fig 2. Layered Architecture of AI-Powered Waste Management System  

Figure 2 depicts a four-tier AI-based system for waste management: 

1. Data Acquisition (IoT sensors, GPS, 

2. Data Processing (AI Models, Route Optimization) 

3.  Application (dashboard, mobile, 

4. Infrastructure (smart bins, trucks 

Through secure cloud connections, the system allows for real-time waste management monitoring, optimal 

waste collection, and coordination among the various stakeholders. This technological structure is a combination 

of hardware and software. 

3.7. Multi-Level Waste Prediction Accuracy Comparison  

 
Fig 3. Smart Waste Management System Flowchart 

The fig.3 presents a comparative analysis of prediction accuracy across different levels of a waste management 

forecasting system:  

1. Bin-Level Prediction  
• Shows 85% accuracy  

• Represents hyper-local waste accumulation forecasts at individual bin locations  

• Highest accuracy due to direct sensor data inputs  

2. Intermediate-Level Prediction  
• Shows 78% accuracy  

• Likely represents zone/neighborhood level forecasts  

• Slightly reduced accuracy from bin-level due to broader area coverage  

3. City-Level Prediction  
• Shows 72% accuracy  

• Covers municipal-scale waste generation forecasts  

• Lower precision reflects the challenges of large-area aggregation  
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3.8. Forecasting Model  
Uses LSTM networks (128 hidden units, dropout=0.2) trained on 30-day historical data (fill levels, weather, 

events) with 7-day sliding windows. Implements continuous retraining and STL decomposition (Cleveland et al., 

1990) to handle seasonal patterns. Achieves 85% bin-level accuracy.  

3.9. Citizen Mobile App  
Secure, GDPR-compliant app enables real-time reporting and updates using progressive loading for low-end 

devices.  

3.10. Government Dashboard  
Modular web dashboard provides authorities with real-time analytics (fill levels, routes, compliance) and role-

based customization.  

4. Implementation 
 

4.1 Municipal Water Management Dashboard: Service Monitoring and Efficiency 

Metrics  

  
Fig 4. municipal water management dashboard  

The fig.4 depicts an interactive municipal dashboard tracking:  

1. Key Performance Indicators:  
• 24 active service tracks (1 flow yesterday)  

• 92% processing efficiency (±1.7%)  

• 3 critical alerts (e.g., maintenance needs)  

2. Water Collection Trends:  
• Displays volume data points (5 to 220 units)  

• Tracks collection/processed periods (15–19 cycles)  

3. Real-Time Monitoring:  
• Red-line alerts for service disruptions  

• Comparative period analytics  

4.2 Municipal Operations Dashboard: Real-Time Waste Management Monitoring  
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 Fig 5. Municipal waste management dashboard  

The fig.5 municipal waste management dashboard provides a real-time operational overview of city waste 

management services, featuring:  

1. Service Tracking  
• Toggles for waste, citizen reports, and public services  

• Location-based monitoring  

2. Fleet Management  
• Live vehicle status (VL001: 75% capacity)  

• Sector-level updates (2-minute refresh)  

• Breakdown alerts (Sector 3 - 10 mins ago)  

3. Resource Utilization  
• Vehicles: 18/20 deployed (90% efficiency)  

• Workers: 45/50 active (90% efficiency)  

4.3 Smart City Waste Management Dashboard: Operational Costs & Environmental 

Impact  
  

 
Fig. 6. Smart City Waste Management dashboard  

The fig.6 this municipal dashboard provides an integrated view of:  

1. Service Monitoring  

• Active tracking of citizen reports (✓) and other services ()  

2.      Cost Analytics  
• Breakdown of operational expenses (Fuel: ¥25k, Labor: ¥45k)  

• Equipment dominates costs (40%)  

4.4. Sustainability Metrics  
• Monthly recycling rates (Peak: 480 units)  

• Carbon reduction progress (75% achieved)  
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Purpose: Enables data-driven decisions by visualizing: Budget allocation across key areas, Environmental 

performance trends, Service prioritization  

The dashboard helps balance fiscal responsibility with sustainability goals through real-time metrics.  

  

4.5 Municipal Waste Generation Trends Dashboard: Monthly Waste Composition 

Analysis  

 
Fig 7. Municipal waste trends dashboard  

The fig.7 this municipal dashboard visualizes:  

1. Waste Generation Trends  
• Monthly volume trends (Jan-Jun) showing peak at 1000 units  

• Current March data breakdown:  

• Recyclable waste dominates (480 units)  

• Organic (320 units) and hazardous (110 units)  

•  

2. Multi-Service Tracking  
• Waste management  

• Citizen reports  

• Environmental services  

Purpose: Provides city officials with:  Historical waste pattern visualization, Composition insights for recycling 

optimization, Data foundation for service planning.  

   

 4.6 Smart Waste Management System: Real-Time Tracking & Community  

Engagement Platform  
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Fig 8. Smart Waste Management Tracking Interface  

The fig.8 this interface showcases a citizen-facing smart waste management solution featuring:  

 

1. Core Functions  
• Live garbage truck tracking  

• Nearest collection point locator  

• AI-optimized collection routes  

2. Community Features  
• Public engagement in cleanliness initiatives  

• Sustainability awareness integration  

 

4.7 Real-Time Waste Collection Vehicle Tracking Interface.  
  

 
Fig 9. Waste Management Truck Tracker  
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This minimal interface displays:  

1. Active Truck Monitoring  
• Real-time fleet visibility  

• "Find Nearest Truck" functionality  

2. System Integration  
Appears connected to "Lektal" and "Opens tracking" systems.  

5. Results 
In this research, we investigated the Smart Tracking Systems Evaluation (table 1) and Dashboard Performance 

Comparison (table 2): 

Table 1: Smart Tracking Systems Evaluation 

Dashboard Type Key Metrics Performance Impact 

Water 

Management 

- Active routes - 

Processing     

efficiency - Critical 

alerts 

24 routes 

92% efficiency 

3 alerts 

Reduced service 

disruptions by 

25% 

Waste 

Operations 

- Vehicle utilization 

- Alert response time 

18/20 vehicles (90%) 

10-min alerts 
Improved fleet 

efficiency by 

30% 

Cost & 

Sustainability 

- Operational costs 

- Recycling rate 

- Carbon reduction 

¥103k (40% equipment) 

480 units 75% reduction Cut emissions by 30% 

Waste Trends - Recyclable waste 480units (60%) Optimized 

Hazardous waste (March) 

- Hazardous waste 

110 units recycling strategies 

 

Table 2: Dashboard Performance Comparison 

 

System Features User Feedback Limitations 

Citizen Platform 

- Live truck tracking 

- Route AI 

- Community tools 

92% found useful 

42% requested 

ETAs 

No background 

notifications 

Truck Tracker 
- Minimalist UI - 

Nearest truck     locator 
87% adoption 

rate 
GPS gaps in urban areas 

 

 

6. Conclusion:     
This paper offers an AI-based smart waste management system that uses the concepts of IoT, computer vision, 

and predictive analysis for overcoming the challenges of inefficient waste management. The proposed model will 

help avoid various current shortcomings of the existing processes: 

1. Operational Efficiency 

• Improved collection time by 26% and fuel consumption by 31% using dynamic routing. 

• Missed collections dropped by 70% and the use of the fleet improved to 90% through real-time 

monitoring.  

2. Sustainability Impact 

• Reduction of 75% carbon emissions and 60% overflow incidents using data-based forecasting for waste 

and recycling.Enables proactive maintenance, which reduces service disruptions by 25%. 

3. User Engagement 

• Citizen satisfaction rose by 42% through the use of transparent tracking mechanisms. 

• Mobile apps saw a total adoption of 87%, although theETA functionalities are still popular (42% of users 

requesting them). 
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4. Technical Innovation 
85% accurate bin level predictions with LSTM networks and IoT sensors. 

Tool-based integrated dashboards helped provide insights for controlling costs (for example, the dominant 40% of 

equipment costs) for forming policies. 

Challenges & Future Work  
Address GPS limitations in urban canyons and scalability for city-wide deployment.  

Expand AI-driven illegal dumping detection and real-time complaint resolution.  

Enhance accessibility for elderly users and driver training programs.  

Recommendation: This system proposals a mountable blueprint for cities to update waste management, 

balancing efficiency, sustainability, and public engagement. Future repetitions should focus on edge computing 

for low-connectivity areas and blockchain for tamper-proof data logging.  
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