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ABSTRACT

Effective waste management is critical in developing smart campuses, prioritising sustainability
and operational efficiency. Traditional methods often face inefficiencies such as poorly optimized
collection routes, inadequate bin placement, and delayed responses to overflow. These limitations
increase operational costs, resource wastage, and environmental concerns. The paper proposes
IocTGAWMS, an loT-integrated Al framework leveraging Genetic Algorithms (GAs) to optimize
waste management strategies (WMS) and improve resource utilization in smart campuses. The
proposed framework employs 10T sensors deployed in waste bins to monitor fill levels, categorize
waste types, and transmit real-time data to a centralized platform. A GA optimises waste
collection routes, scheduling, and bin placement by considering dynamic constraints such as
waste generation patterns and campus traffic. Reinforcement Learning enhances the framework
by adapting to real-time changes and learning from historical data, enabling predictive and
responsive decision-making. Experimental results demonstrate a 35% improvement in waste
collection efficiency and a 25% reduction in fuel consumption for waste transportation compared
to traditional methods. Additionally, the framework achieves over 90% accuracy in waste type
classification, significantly enhancing recycling initiatives. In conclusion, the proposed loT-
integrated Al framework effectively overcomes the limitations of traditional methods, providing a
sustainable and efficient solution for waste management in smart campuses..

Keywords: 10T, Waste Management, Smart Campuses, Genetic Algorithms, Reinforcement Learning,
Optimization, Real-Time Monitoring.

. Introduction

With the increase in urbanization and population, the existing waste management systems are
under strain, and sustainable waste management has become a concern worldwide [1]. Being a mini-
version of modern cities, a smart campus should maintain good waste management practices
alongside conserving environmental sustainability and face the same challenges. Revolutionary waste
management procedures could be developed with state-of-the-art technologies like artificial
intelligence (Al) and the Internet of Things (1oT) [2]. While Al optimizes resource allocation, routing,
and scheduling, 10T enables real-time monitoring of fill levels of garbage bins, waste categorization,
and environmental conditions. These technologies support several global sustainability objectives that
encourage recycling, reduce greenhouse gas emissions, and avoid landfill use [3]. Common
inefficiencies in traditional waste management systems can be overflows, underutilized resources, and
higher operational costs due to manual monitoring and static scheduling [4]. The smart campus should
serve as a pilot test bed for the latest frameworks of waste management implementation, given their
regulated and digitalized environment. Through the prevalent application of 10T sensors, granular data
on trash formation patterns can now be collected. At the same time, predictive and adaptive

techniques in management are possible through advances in artificial intelligence—specifically in
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machine learning and optimization algorithms [5]. By reducing resource wastage and increasing
recycling rates, these trends should enhance operational efficiency and contribute to long-term
sustainability [6].

10TB and Al integration have potential, yet it faces many challenges before deployment. To make
IoTB deployment smooth and efficient, network dependability, data security, computational
complexity, and other concerns must be considered [7]. The interdisciplinary study of 10T, Al, and
sustainability sciences is very important in tackling operational and technical challenges in the era of
increasing digitalization in waste management [8]. Conventional waste management methods on
smart campus premises are mostly ineffective due to inflexible scheduling, shoddy bin placement, and
slow reaction times of the overflowing status [9]. These inefficiencies augment the deterioration of the
environment, waste of resources, and higher expenses for operations. Such problems are further
deteriorated by inefficient solid waste management strategies that do not consider the fluctuation in
the patterns of waste generation and traffic conditions due to lacking dynamic and adaptive systems
[10].

I0cTGAWMS utilizes Internet of Things (1oT) sensors built into trash cans to collect real-time data
on garbage type and fill level. The data is transmitted to a central platform where Al algorithms
process and analyse it. Genetic algorithms work well with static optimization problems, such as the
optimal location of bins or the creation of efficient collection routes. Such algorithms consider
constraints like traffic patterns and rates of garbage production. Further enhanced by the
Reinforcement Learning in dynamically changing the routes and timetables according to current
trends and changes as well as past ones, with its adaptability and scalability, the system could handle
varying conditions, showing why it becomes a great fit for any Smart Campus environment.

The main significance of the paper is

e To introduce loTGAWMS, a hybrid loT-Al framework combining GA and RL for waste
management optimization.

e To demonstrate real-time adaptability through 10T integration, enabling dynamic response
to fill levels and waste generation variability.

e To improve waste collection efficiency by 35% and reduce transportation fuel
consumption by 25% compared to traditional methods.

e To achieve over 90% waste classification accuracy, enhancing recycling efforts and
promoting environmental sustainability.

The paper is structured as follows: Section 1 introduces the research context, problem, and
methodology. Section 2 reviews related work. Section 3 details the proposed framework. Section 4
presents experimental results, and Section 5 concludes with future directions.

. Related Works

Padhiary, Mrutyunjay, et al. [11] proposed the Al-loT Urban Connectivity Framework for
enhancing sustainability and infrastructure in smart cities. The framework used artificial intelligence
for predictive analytics and the Internet of Things for real-time data collection, battling disjointed
systems and ineffective city management. The framework improved urban connectedness, resource
utilization, and energy efficiency. The framework optimizes smart city operations and supports
sustainable urban development since it provides an integral approach to overcome the drawbacks of
traditional models related to integration and effective decision-making.
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Kothai G. et al. [12] proposed the Smart Waste Management Solution, SWMS, that will change
the face of urban garbage management with Al and the Internet of Things. It improved the recycling
procedures, reduced reliance on landfills, and optimized waste segregation using real-time Internet of
Things (IoT) sensors and analytics powered by artificial intelligence. The results showed that trash
processing was more efficient and had a positive impact on the environment. SWMS has come up
with a technology-enabled solution to the problems related to modern urban waste management,
including fragmentation and the lack of advanced, data-driven integration in older systems.

Ming et al. [13] proposed an Al-driven waste management system, Al-WMS, to improve garbage
collection, sorting, and recycling operations. It adopted machine-learning algorithms to achieve
predictive waste analytics for better efficiency and scalability in operations. Results showed this
would increase resource recovery and decrease expenditures, proving the system's effectiveness in
addressing large-scale waste management issues. Equipped with state-of-the-art analytics and
technology-driven waste management processes, AI-WMS helps to overcome the inefficiencies and
scalability issues associated with traditional methods.

Hussian, Iftikhar, et al. [14] proposed the 10T Multiagent Waste Model, locTMWM, to optimize
waste management through loT-enabled multiagent simulations. It simulated different garbage
collection models, which improved resource management and increased trash collection efficiency.
The major outcome of the study was better operational accuracy and flexibility. locTMWM tackles the
shortcomings of its predecessors through simulation-based approaches combined with 10T, making it
possible to carry out waste management more efficiently and dynamically.

Khan, Sangrez, et al. [15] propose I0TCWS, an approach based on route optimization and
dynamic scheduling for improving smart city waste collection. It leverages Al algorithms for effective
route planning and loT sensors for gathering real-time waste data, which showed better fuel
consumption reduction and increased collection efficiency. Through the newest technology, 10T-WCS
improved the traditional way of managing urban waste collection by making it more adaptive in real-
time, with better route options.

Parimita Widya et al. [16] introduced an Al-based gamified Waste Ecosystem (AI-GWE) to
promote green economic growth using gamification techniques. AI-GWE motivated sustainable waste
management practices and recycling through Al-based platforms. The results were amazing, with a
huge reduction in trash production coupled with increased user participation. With its successful
integration of more user-centric gamification approaches, AlI-GWE has tackled urban waste
management in ways that support environmental sustainability goals while being more participative
and impactful than traditional means.

Othman, Salwa et al. [17] introduced the Al-IoTROF Resource Optimization Framework to
enhance smart city waste management. Since it ran with machine learning models, the framework
made dynamic decisions that could lead to better resource distribution and substantial waste
reduction. Results have shown improvement in operational efficiency and sustainability. Artificial
intelligence can efficiently revolutionize urban trash management in loT-enabled areas, as it deals
with inefficiencies caused by previous systems' lack of real-time integration and enhanced
optimization capabilities.

Hossain, Imran, et al. [18], have developed the loMT-AIWMS for Rajshahi City Corporation. The
system integrates 1oT sensors with Al and Android-based applications to optimize garbage collection.
To maximize efficiency, this method dynamically changed collection schedules and routes. The
results showed an increase in waste collection and community participation. The major downfalls of
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the earlier systems were archaic technology, poor integration, and an absence of real-time data-driven
decision-making capabilities. Over those limits in waste management, loT-AIWMS enhanced
effectiveness and flexibility and brought state-of-the-art technology.

3. Research Methodology

Dataset: The dataset in "Smart Waste Management System using loT" [20] is from the data
collected by different sensors integrated into smart dustbins. The main components include load
sensors for measuring the weight of waste, IR sensors for detecting the presence and movement of
trash, and a Wi-Fi module for connectivity. This allows for real-time monitoring of the level of waste
to enable efficient garbage collection. It provides system architecture for remote access to each
dustbin's status to optimize resource allocation and reduce unrequired trips by garbage collection
vehicles. Overall, this dataset helps to maintain good waste management and, hence, a pollution-free
environment.

10T Sensor Deployment: 10T sensors are put into waste bins around campus, hence enabling real-
time monitoring of fill levels, waste types, and environmental conditions. This data collected is then
sent to a centralized platform, allowing continuous monitoring and analysis. The system provides
actionable insights to help optimize waste collection and resource allocation and assess environmental
impact. Another good example of an innovative smart campus application is integrating loT
technologies into waste management, thus making the campus more efficient and sustainable through
data-driven decision-making.

a) The loTGAWMS Framework

The entire process of the proposed loT-integrated Al framework, I0TGAWMS, for waste
management in a smart campus could be segmented as shown below. Figure 1 presents the process of
the lo-TGAWMS Framework.
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Figure.l. The loTGAWMS Framework

Data Collection and Preprocessing: Real-time sensor data is acquired and processed to classify
the waste into organic, recyclable, and non-recyclable types, besides detecting the generation patterns
of waste on campus. Analyzing the processed data helps track usage and detects bin overflow events,
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which could be useful in tracking trends around waste disposal behavior. All this preprocessing
ensures that the data is reliable and consistent, forming a basis for making informed decisions in
optimizing collection schedules, minimizing inefficiencies, and enhancing overall strategies for
managing waste.

b) Genetic Algorithm Optimization in Waste Management:

Genetic Algorithm (GA) is a bio-inspired optimization technigque that simulates natural selection
to find optimal solutions for complex problems. In waste management, GA optimizes collection
routes, scheduling, and bin placement as follows:

Inputs to the Genetic Algorithm: Sensor data provides real-time information about the fill levels
of the bins, waste types, location coordinates, and overflow patterns. This becomes the basis for
optimization. The following parameters of the algorithm are defined: the population size, P, which
determines how many candidate solutions are included in each generation. The number of
generations, G, which specifies how many iterations to evolve, crossover rate, C, , controlling how
often parent solutions are combined, and mutation rate, M,., the probability of introducing variations
to explore diverse solutions.

Initialization Phase: The initialization phase encodes potential solutions as chromosomes tailored
to the problem's subtasks. In the case of routes, chromosomes represent sequences of bin IDs,
recording the order in which bins are serviced. In the case of schedules, chromosomes represent time
slots assigned to each bin for efficient waste collection timing. For placements, chromosomes are
represented as binary vectors, where 1 denotes a bin at a given location and 0 its absence. An initial
population of random chromosomes is then generated to ensure that diverse candidate solutions will
explore the solution space effectively in subsequent iterations.

Fitness Functions: Fitness functions determine the quality of candidate solutions for each
objective—routes, schedules, and placements—to drive the Genetic Algorithm (GA) to optimum
solutions.

i. Routes (Minimize Total Distance)

The objective is to minimize the total distance driven by waste collection trucks, which is
calculated using Equation 1.

1
froute = TN G @)

where d;; is the distance between bin i and j, x;; is the binary variable (1 if the path between bin i
and j is included in the route, O otherwise) and N is the total number of bins. It rewards shorter-
distance routes by reducing the summation of distances (d;;) over chosen paths (x;;). Being
reciprocal, this function ensures an increase in fitness value with a decrease in travel distance because

the denominator decreases.
ii. Schedules (Minimize Overflow Risk)

The goal is to arrange waste collection so that bins are emptied before they overflow. This is
obtained from equation 2.

1
N 2
1+%=1(Ti—F0)

()

fschedute =
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where T; is the scheduled collection time for bin i. F; is the predicted overflow time for bin iii,
derived from sensor data trends. N is the total number of bins. This function penalizes deviations of
the scheduled collection time (T;) from the predicted overflow time (F;), as represented by the squared
difference. The smaller the deviation, the higher the fitness value, ensuring bins are serviced close to
their critical thresholds and avoiding premature collection and overflow.

iii. Placements (Maximize Accessibility and Minimize Overflow)

The aim is to find convenient bin locations and minimize the chance of overflowing. This could
be achieved by equation 3.

fplacement = YN (Ai — 0i) (3)

where A; is the accessibility score of bin location iii, determined by proximity to high-traffic areas
or ease of access, O; is the overflow risk score of bin location iii, based on historical patterns or
environmental factors, and N is the total number of candidate bin locations. The fitness function
estimates the net benefit of each bin location by subtracting the overflow risk (0;) from the
accessibility score (4;). Locations with a high score are accessible and have low overflow risks, thus
ensuring the strategic placement of bins across the campus.

Genetic Operation: Genetic operations are important in evolving solutions toward optimal waste
management strategies.

e The selection step uses techniques such as roulette wheel or tournament selection in selecting
parent chromosomes based on fitness scores, so that fitter solutions are more likely to contribute to the
next generation.

e Crossover is different for each objective: for routes order crossover (OX) preserves sequence
integrity; for schedules, arithmetic crossover blends time slots; and for placements, single-point
crossover flips binary vectors.

e Mutation introduces diversity in the population: it randomly swaps bin IDs in routes, shifts
collection times within valid ranges in schedules, and flips binary values in placements. Elitism helps
to retain the best-performing chromosomes within the population, which, in essence, retains the best
solutions across generations, balancing exploration and exploitation during optimization.

The optimization will stop when predefined conditions are met. First, there must be a maximum
number of generations, GGG, so the algorithm does not run forever. Secondly, there mustn't be a
significant fitness improvement over some consecutive generations, meaning the algorithm has
converged to a near-optimal solution. These criteria balance computational efficiency with solution
quality; the process should terminate when further iterations are unlikely to yield substantial gains.

Reinforcement Learning (RL): Reinforcement Learning is a dynamic approach to optimizing
waste management through adaptation to real-time changes, including unstable waste generation
patterns, traffic conditions, and other environmental factors. In this case, RL treats waste management
as a learning problem where an agent—the waste management system—interacts with the
environment—campus conditions—to achieve optimal performance. It learns to make predictive
decisions through constant analysis of historical and real-time data, such as adjusting collection
routes, schedules, or bin placements. RL improves efficiency by dynamically adjusting operations to
changed circumstances, reduces waste overflows and travel distances, and optimizes resource
utilization. This adaptability ensures that waste management will stay responsive, sustainable, and
efficient in the long run. Table 1 shows the Pseudocode for Reinforcement Learning (RL) in Waste
Management Optimization.
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Table 1. Reinforcement Learning (RL) in Waste Management Optimization

Pseudocode for Reinforcement Learning (RL) in Waste Management Optimization
Initialize:

Define state space (S), action space (A), and reward function (R)

Initialize Q-table Q(s, @) with zeros for all states s and actions a

Set learning rate (o), discount factor (y), and exploration rate (g)

Define maximum episodes (E) and maximum steps per episode (T)

For each episode e in range(1, E + 1):
Initialize current state s
For each step tin range (1, T + 1):
# Action selection (e-greedy policy)
If random() < &:
Select random action a from A
Else:
Select action a = argmax(Q(s, a)) # Exploitation

# Execute action a
Perform waste management operations based on a (e.g., adjust route, schedule, or bin placement)
Observe new states and rewards r from the environment

# Update Q-value using the Bellman equation
Q(s, 2) =Q(s, @) + o * [r +y * max(Q(s', ")) - Q(s, a)]

# Transition to the next stage
s=¢

# Check termination condition
If the environment indicates task completion or s is terminal:
Break

# Decay exploration rate € (optional for balancing exploration and exploitation)
€= ¢ * decay_rate

Output:
Optimized policy n(s) = argmax(Q(s, a)) for all states s

Implementation & Monitoring: It is integrated with campus infrastructure for seamless and
continuous monitoring of waste management operations, including collection, transportation, and
recycling processes. Real-time sensor data and predictive analytics ensure operational efficiency. The
accuracy in classifying waste types is very high, above 90%, allowing targeted recycling while
reducing contributions to landfill sites. This enhances operational efficiency and supports the
achievement of sustainability goals through better resource recovery and reduced environmental
impact.

4. Result and Discussions
a) Performance Metrics

This section compares the loTGAWMS method with SWMS [12], Al-IoTROF [17], and loT-
AIWMS [18] based on metrics such as Collection Efficiency, System Efficiency, and Waste Type
Classification Accuracy. The analysis highlights the performance differences across these methods,
demonstrating l10-TGAWMS's advantages in waste management systems. By evaluating these key
metrics, the comparison provides insights into the effectiveness of 10TGAWMS over existing
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approaches, showecasing its potential to improve waste classification and overall operational
efficiency.

Collection Efficiency: It can be measured in terms of time savings, route optimization, and the use
of resources by waste collection trucks. It calculates how well the waste management system reduces
the time and resources used for waste collection and can be further expressed in equation 4.

Tideal-Tactual

Collection Ef ficiency (CE) = Tideal @

where T;404; 15 the collection time of wastes by taking the optimal route (ideal scenario without
inefficiencies) and T,.¢,q; 1S the waste collection time with the implemented system (using optimized
routes and operational strategies).

Comparison of Waste Collection Methods by Time Efficiency

120 —~ Ideal Time
Actual Time

100
20

Time Taken (minutes)
>
g

QNS N.\cTP\OF \OT,;\\W"\S W‘GA\NMS'

Waste Collection Methods
Figure.2. Collection efficiency analysis

Figure 2 shows the effectiveness of alternative waste collection techniques by plotting their actual
time consumed, T,ctuaqi, @gainst a theoretical ideal time, Tjz.4;- The graph shows the comparative
analysis of traditional SWMS, Al-I0TROF, 1oT-AIWMS, and the proposed loTGAWMS. In addition,
the bar graph highlights important reductions in time taken with optimal methods, in which the
proposed loTGAWMS exhibits a lower collection time. A red dashed line represents T;4.4; and serves
as a benchmark for comparison. The graph shows the advantage of using advanced optimization
techniques, such as loTGAWMS, in gaining efficiency, reducing time, and approaching the optimal
performance for sustainable waste management.

Waste Type Classification Accuracy: It measures how effective a waste management system is at
correctly classifying different categories of waste (e.g., organic, recyclable, landfill) based on sensor
data, images, or any other features. This is calculated as in equation 5.

Number of Correctly Classified Instances

Accuracy = X 100 5)

Total Number of Instances

where Correctly Classified Instances is the quantity of waste articles identified by the system
accurately and Total Number of Instances is the total number of waste items the system tries to
classify.
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Comparison of Waste Type Classification Accuracy for Different Waste Management Methods
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Figure.3. Waste type classification accuracy

Figure 3 shows the comparative analysis of waste type classification accuracy among four
different waste management methods: traditional SWMS, AIl-I0TROF, IoT-AIWMS, and the
proposed I0TGAWMS. Three waste types—Organic, Recyclable, and Landfill—are represented
through bars for each method. The height of each bar denotes the percentage value of classification
accuracy, while the labels at the bottom give the exact accuracy values. The chart indicates that the
proposed I0cTGAWMS is better than other methods, especially in recycling and landfill waste. It is
readable with all different patterns and colours, as grid lines have been added to make comparing the
method's results clearer.

System Efficiency in waste management describes how effectively a system converts input
resources, such as time, energy, or operational costs, into desired outputs, such as waste processed,
resources recovered, or waste reduced. Generally, efficiency in waste management compares different
means by measuring the amounts of waste managed or resources recovered per unit of input
resources, such as time or energy. This is shown in equation 6.

Output (e.g., waste processed, resources recovered)

System Ef ficiency =

6
Input (e.g., time, energy, operational cost) ( )

where Output means the amount of waste appropriately treated (kg of waste treated or %
recycling rate achieved) and Input means total invested resources (for example, time invested in
collection, energy invested in transport, or operating expense).

Table 2. System Efficiency Analysis

Method Input (Time, Energy, Output (Waste Processed System

Operational Cost) or Resources Recovered) Efficiency (%)
SWMS High (Longer collection times, Moderate (Moderate 60

High energy, High operational waste processing)

Ccosts)
Al- Medium (Optimized High (Improved waste 75

I0TROF scheduling, Medium energy use) processing and  resource
recovery)
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loT- Medium (loT Sensors, High (Efficient waste 83
AIWMS Moderate energy use) processing with sensor data)

I0TGAW Low (Optimized routes, Low Very High (Maximized 97
MS energy use, Automated collection)  waste  recovery, efficient

processing)

Table 2 evaluates the System Efficiency of different waste management methods, considering
various inputs (time, energy, operational costs) and outputs (waste processed or resources recovered).
The Traditional SWMS has high inputs with moderate efficiency, as it lacks optimization. Al-loTROF
improves efficiency with medium inputs, leveraging Al and loT for better waste processing. 10T -
AIWMS shows further improvement in efficiency due to its use of 10T sensors for real-time data. The
Proposed 10TGAWMS outperforms all others with the lowest inputs and the highest output,
demonstrating superior efficiency through optimized routes, energy use, and automation in waste
collection.

. Conclusion

The proposed loT-Integrated Al Framework for Waste Management in Smart Campuses will
adopt a holistic and adaptive approach to optimize the waste collection strategy. It will address
efficient management of collection routes, scheduling, and bin placement, through leveraging real-
time data from 0T sensors by applying Genetic Algorithms (GA) and Reinforcement Learning (RL).
Advanced machine learning techniques are integrated to ensure dynamic adaptability in fluctuating
waste pattern and environmental conditions, enhancing overall operational efficiency in campus waste
management. With more than 90% accuracy in the classification of waste types and great
improvement in resource utilization, the system supports sustainable practices by reducing
environmental impact and operational costs. Further, because it is easy to integrate into the existing
campus infrastructure, implementation and monitoring are effortless and lead to a cleaner and smarter
campus environment in the long term. One of the limitations of this framework is its total dependence
on the quality and reliability of 10T sensor data, which may be compromised by hardware failure or
environmental conditions. This will be addressed in future work focusing on improving fault tolerance
through predictive maintenance and exploring the integration of blockchain technology for secure,
decentralized waste management systems that assure data integrity and scalability in larger smart
cities.
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