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Abstract

Higher education institutions (HEIs) are increasingly expected to lead sustainability initiatives through both
campus operations and experiential learning. University campuses generate substantial amounts of waste, yet
traditional management practices often rely on manual decision-making, limiting recycling efficiency and
environmental outcomes. This study proposes a machine learning—based framework for optimizing campus waste
management systems, integrating predictive modeling, waste classification, and collection routing.

The framework was applied to a university campus, where spatiotemporal waste patterns were forecasted using
supervised learning models, waste streams classified into recyclable, organic, and non-recyclable categories, and
collection routes optimized to minimize operational costs and emissions. Beyond operational improvements, the
study emphasizes how Al-driven systems provide opportunities for applied learning, enabling students and staff
to engage with real-world sustainability challenges.

Results demonstrate improved waste prediction accuracy, higher recycling rates, and reduced collection-related
emissions. The study highlights the potential of integrating Al technologies with campus operations to enhance
institutional sustainability practices while reinforcing experiential learning and applied research skills
among students. These findings provide a practical model for HEIs seeking to align technological innovation with
environmental and educational objectives.
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1. Introduction

Universities and colleges are increasingly recognized as critical actors in promoting sustainability, both through
operations and the educational mission. Campus waste management is a key area where HEIs can reduce
environmental impact while providing opportunities for experiential learning. Traditional waste management
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practices, however, often rely on static planning, limited data use, and manual segregation processes, resulting in
low recycling efficiency and high operational costs.

Advances in machine learning (ML) provide new opportunities to improve operational efficiency and decision-
making. ML models can forecast waste generation, classify waste streams, and optimize collection routes, offering
both environmental benefits and educational opportunities. However, there is limited research applying these
techniques specifically in higher education contexts, where operational outcomes must also serve learning
objectives.

This study addresses this gap by developing a machine learning—driven framework for campus waste
management, evaluating its effectiveness in improving recycling efficiency, operational sustainability, and
experiential learning outcomes.

2. Literature Review
2.1 Sustainability Practices in Higher Education

Higher education institutions (HEIS) play a crucial role in advancing sustainability through campus operations and
curriculum integration. Lozano et al. (2013) emphasized that universities act as living laboratories for
sustainability, enabling students to engage in real-world environmental problem-solving. Similarly, Filho et al.
(2015) reported that waste management initiatives in universities significantly influence students’ environmental
attitudes and long-term sustainable behavior.

According to Alshuwaikhat and Abubakar (2008), effective campus sustainability programs require the integration
of policy frameworks, operational management, and educational engagement. Waste management has been
identified as one of the most visible and impactful sustainability domains in HEIs (Emanuel & Adams, 2011).
However, most campus waste programs still depend on manual segregation and fixed collection schedules, leading
to inefficiencies and limited recycling outcomes (Bohdanowicz et al., 2011).

2.2 Al and Waste Management

Machine learning (ML) and artificial intelligence (Al) have been increasingly applied in waste management
systems to improve prediction accuracy, waste classification, and collection routing. Kannangara et al. (2018)
demonstrated that deep learning—based image recognition techniques can significantly improve automated waste
sorting accuracy. Similarly, Rad et al. (2017) developed an intelligent waste classification system using support
vector machines (SVM), achieving improved recycling efficiency compared to manual sorting.

Forecasting waste generation using ML has also been explored in urban contexts. Abbasi and EI Hanandeh (2016)
applied artificial neural networks to predict municipal solid waste generation, showing superior performance
compared to traditional statistical models. More recently, Islam et al. (2020) used long short-term memory
(LSTM) networks for time-series waste prediction and reported improved forecasting accuracy under fluctuating
population conditions.

Route optimization using Al-based techniques has been studied by Nuortio et al. (2006), who proposed a genetic
algorithm approach for waste collection routing, leading to reduced fuel consumption and operational costs. Bing
et al. (2021) further demonstrated that multi-objective optimization models could minimize both emissions and
logistics expenses in smart waste management systems.
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2.3 Al Applications in Campus Waste Management

Although Al techniques are widely studied in municipal and industrial waste systems, limited research focuses
specifically on higher education campuses. Zhang et al. (2019) developed a smart campus waste monitoring
system using 10T sensors, but their study did not integrate predictive modeling or student learning outcomes. A
study by Long et al. (2021) applied machine learning for waste prediction in a university cafeteria, demonstrating
reduced food waste but lacking system-wide operational optimization.

Kumar and Agrawal (2022) highlighted that campus sustainability projects incorporating digital technologies offer
strong educational value by connecting theoretical learning with real-world operational challenges. However,
existing studies rarely integrate waste prediction, classification, and routing into a unified framework while
simultaneously addressing experiential learning objectives.

2.3 Research Gap

Existing literature confirms the effectiveness of machine learning for waste forecasting, classification, and routing
optimization in urban environments. However, few studies combine these techniques into a single integrated
system tailored to higher education campuses. Moreover, most prior research focuses primarily on technical
performance without examining educational benefits or institutional sustainability alignment.

This study addresses this gap by proposing a machine learning—driven framework that simultaneously enhances
operational efficiency and supports experiential learning within a campus sustainability context.

3. Methodology

3.1 Campus Context and Data

The study was conducted at a mid-sized university campus with multiple zones (academic buildings, residence
halls, cafeterias, and administrative facilities). Data sources included daily waste generation logs, waste type
labels, building occupancy, and academic calendar information.

Table 1 - Dataset Overview

Zone Type # Buildings||Avg Waste per Day (kg)|/Student/Staff Population||Notes

Academic |12 250 13000 [Lecture halls, labs|
Residential |8 1400 2000 |Hostels, dorms |
Cafeteria |3 1350 11500 |Food waste focus |
|Administrative|[5 1200 1800 |Offices |
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Figure 1: Schematic layout of campus zones, showing academic, residential, cafeteria, and administrative
areas used for data collection and operational optimization.

3.2 Waste Generation Prediction

Let WteRn denote waste generated across nnn campus zones at time t. Supervised learning models (gradient
boosting and LSTM) were trained to predict next-day waste generation:

WAL+ 1= (W, Xt)--enmmmememmee [1]

whereXt includes zone occupancy, building type, and calendar effects. Prediction performance was measured
using RMSE and MAE.

3.3 Waste Classification

Waste streams were classified into recyclable, organic, and non-recyclable categories using a multi-class
classification model:

Improved classification directly supports recycling efficiency and learning outcomes by involving students in
system validation.

3.4 Collection and Routing Optimization

Collection operations were formulated as a constrained optimization problem:

subject to vehicle capacity, time windows, and zone coverage constraints. Optimized routes reduce operational
costs, emissions, and provide real-world case studies for students.
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3.5 Framework Integration

The framework integrates prediction, classification, and routing into a dynamic decision-support system,
enabling campus facilities and students to collaboratively monitor and improve waste management practices.
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Figure 2: Integrated workflow of ML-based campus waste management showing data collection, prediction,
classification, routing optimization, and student engagement pathways.

4. Algorithm

Algorithm 1: Al-Based Campus Waste Management Framework

Collect historical campus waste and occupancy data
Train predictive models for zone-level waste generation

1.

2.

3. Classify waste streams for recycling optimization
4. Cluster zones by waste patterns

5.

6.

5. Results

Table 2- Model Performance

Optimize collection routes using multi-objective optimization
Evaluate operational efficiency and educational impact

Classification o
Model RMSE (kg) | MAE (kg) Accuracy (%) F1-Score (%)
Baseline Regression | 45 30 72 70
Gradient Boosting
ML 35 22 85 83
LSTM  Time-Series 32 20 87 85
Model
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Figure 3: Comparison of ML-based models for waste generation prediction and classification performance
across campus zones.

. Prediction Accuracy: RMSE reduced by 22% compared to baseline models.
. Classification Accuracy: Recycling classification improved by 19%.
Operational Impact: Collection costs and emissions decreased by 15-18%.
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Metric Baselin | Proposed | Improveme
e ML nt (%)

Framewo

rk
Recycling Rate
(%) 55 65 +18
Collection Cost
($/day) 500 420 -16
CO: Emissions
(kg/day) 120 100 -17
Student
Participation in |0 150 N/A

students
Program

Table 3- Operational Impact

Students engaged with the framework reported increased understanding of sustainability operations, data-driven
decision-making, and applied Al techniques, confirming the educational benefit.

® Student Engagement 150 participants

40
+18%
-16% -17%
10
Recycling Rate Collection Cost CO; Emissions

Figure 4 - Operational Impact

6. Discussion

The study demonstrates the dual value of Al in higher education: improving campus operational sustainability
while serving as a learning platform. The framework provides measurable environmental benefits, practical
experience for students, and scalable approaches for other universities.

Key implications include:

. HEIs can integrate data-driven operational tools into sustainability curricula.

. Campus waste systems can serve as living laboratories, connecting technical skills with environmental
stewardship.

. Cross-disciplinary engagement is promoted among engineering, environmental science, and business
students.
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7. Conclusion

This study presents a machine learning—based optimization framework for campus waste management,
demonstrating operational improvements and enhanced experiential learning. By aligning Al-driven solutions with
educational objectives, universities can simultaneously advance sustainability goals and student applied learning.
The framework offers a replicable model for other HEIs seeking to integrate technology, environmental
responsibility, and education.

8. Limitations and Future Work

Limitations include reliance on a single campus dataset and the need for longer-term evaluation of student
engagement. Future research could:

. Test the framework across multiple universities

. Explore integration with sustainability curricula

. Evaluate long-term impacts on student behavior and campus policies
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