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Abstract
This paper presents a comprehensive, reproducible study that compares classical machine
learning models for predicting electronic waste (e-waste) generation at regional scales.
Accurate forecasting of e-waste volumes is a critical enabler for efficient collection planning,
resource allocation, and policy design in circular-economy efforts. We assemble and
harmonize official e-waste records with socio-economic and device-penetration covariates,
design a standardized forecasting pipeline, and evaluate a set of classical models—ARIMA,
Linear Regression, Random Forest, Gradient Boosting variants (XGBoost, LightGBM,
CatBoost) and Support Vector Regression—using time-series cross-validation. Models are
compared on predictive accuracy, robustness to missing data, computational cost, and
interpretability. We report best-practice feature engineering, hyperparameter search spaces,
and provide recommendations for practitioners and policymakers working in resource-
constrained settings. The code, dataset processing scripts, and experiment logs are released to
ensure reproducibility.
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1. Introduction
Electronic waste (e-waste) is one of the fastest-growing waste streams worldwide and poses
significant environmental and health risks if not managed properly. Forecasting future
volumes of e-waste at regional levels helps municipal authorities and recyclers plan
collection routes, allocate processing capacity, design incentives, and prioritize hazardous-
item collection. While deep learning architectures have received attention for complex
temporal modelling, classical machine learning (ML) models—especially tree-based
ensemble methods—remain highly competitive for structured tabular forecasting tasks due to
superior sample efficiency and interpretability. This study systematically evaluates a curated
set of classical ML models under a unified experimental framework to determine which
approaches best balance accuracy, robustness, and deployment feasibility for e-waste
generation forecasting.
1.1 Significance of the Study
The rapid acceleration of technological consumption and decreasing device life cycles are
major contributors to the exponential growth of e-waste. Inadequate management leads to
environmental contamination through heavy metals, non-degradable plastics, and hazardous
chemicals. Effective prediction of e-waste generation supports proactive policy formulation,
infrastructure scaling, and circular economy transitions. AI and ML methods enable data-
driven decision-making that can improve recycling efficiency and reduce unregulated
dumping. However, developing scalable, interpretable, and efficient predictive systems
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requires a clear understanding of model capabilities and trade-offs. This paper bridges that
gap by empirically comparing multiple classical ML frameworks, offering insights into which
models deliver the most practical balance between accuracy, interpretability, and
computational efficiency.
1.2 Objectives
1. Build a reproducible forecasting pipeline that merges official e-waste reports with socio-
economic and device-penetration covariates.
2. Compare the predictive performance of classical ML models using time-series cross-
validation and holdout testing.
3. Assess model robustness to realistic operational issues: missing data, limited training
history, and distribution shifts.
4. Evaluate interpretability (global and local explanations) to support policy-making.
5. Release code and documentation to aid replication and practical adoption.

2. Literature Review
This literature review is organized in two complementary parts: (A) a comprehensive survey
of peer-reviewed research (≥30 papers) that span methodological advances, benchmarking,
and applications of machine learning for waste and e-waste forecasting and management; and
(B) a case-study-focused review that synthesizes applied deployments, pilot studies, and
operational reports where ML/AI systems were used for forecasting, collection optimization,
sorting, and recycling workflows. The aim is to situate our contribution within the broader
scientific and applied ecosystem and to extract best-practice lessons for reproducible
modelling and deployment.
2.1. Research Paper Survey (methodological & benchmarking studies)
The survey covers five thematic clusters: (1) time-series forecasting methods applied to waste
and related environmental series; (2) tree-based ensemble and tabular ML benchmarks; (3)
hybrid and explainable approaches; (4) image-based sorting and automated disassembly
research (relevant for downstream integration); and (5) reviews and comparative studies that
synthesize the field.
Time-series forecasting for waste and environmental series: Several recent studies
compare statistical baselines (ARIMA, SARIMA, ETS, Prophet) with machine learning and
deep learning approaches (LSTM, Temporal CNNs, Transformers). These works consistently
show that hybrid pipelines—combining lag features, exogenous covariates, and non-linear
learners—often outperform pure statistical models when exogenous drivers are informative
and when non-linearities exist. Representative papers include comparative studies across
domains showing when ML surpasses ARIMA and when classical approaches suffice.
Tree-based ensembles and tabular ML benchmarks: A growing literature evaluates
XGBoost, LightGBM, CatBoost, and Random Forest for municipal-solid-waste and e-waste
forecasting tasks. Across multiple regional datasets, gradient-boosting methods typically
provide state-of-the-art accuracy on tabular tasks due to their handling of heterogenous
covariates and resilience with small-to-moderate data sizes. Several papers report lightweight
deployments of these methods for city-level forecasting and resource planning.
Hybrid and explainability-focused methods: Papers that integrate probabilistic time-series
forecasting with ML residual models or that use quantile regression forests for uncertainty
estimation are increasingly common. Explainability studies apply SHAP, permutation
importance, and partial dependence plots to demonstrate which socio-economic and market
features (e.g., smartphone penetration, import flows, policy enactments) drive forecasted e-
waste volumes.
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Image-based sorting and automated classification: Although not the primary focus of
generation forecasting, the literature on CNNs, transfer learning, and vision-based sorting
systems is relevant for realizing end-to-end AI-enabled e-waste systems (prediction →
collection → sorting). Several works describe datasets and architectures for classifying e-
waste categories and components (PCBs, metals, plastics), often achieving high accuracy
with transfer learning and curated datasets.
Reviews and comparative analyses: Broad review articles summarize AI’s role in waste
management at large and provide taxonomies of collection optimization, sorting automation,
and demand forecasting methods. These reviews underscore the need for reproducible
benchmarks and stress the policy importance of interpretability and uncertainty quantification.
The curated list of research papers used to build this survey includes (but is not limited to)
publications spanning 2018–2025 across journals and conferences in environmental science,
waste management, machine learning, and applied AI. The set contains domain reviews,
benchmarking studies, and methodological innovations (≥30 papers). These sources
collectively motivate our choice of models (ARIMA, linear baselines, SVR, Random Forest,
XGBoost, LightGBM, CatBoost) and the experimental protocols described in Sections 5–7.
2.2. Case-Study-Based Review
This section synthesizes case studies, pilot deployments, and practical reports where ML/AI
systems were integrated into real-world waste management and e-waste workflows. Key
themes extracted from the case studies are:
Data heterogeneity and scarcity: Many municipal deployments face irregular reporting,
varied time granularity, and missing covariates, which favors models with strong small-data
performance (e.g., gradient boosting) and robust imputation strategies.
Operational constraints: Limited compute budgets and the need for lightweight inference at
edge devices (or low-cost cloud VMs) often dictate model choices and formats (e.g.,
LightGBM, ONNX-exported models, small ensembles).
Importance of interpretability: Policymakers and municipal managers require explanations
for model outputs to justify infrastructure investments; visual explainability (feature
contributions, scenario simulations) plays a central role in adoption.
Integration across the e-waste chain: High-performing forecasting models are most useful
when integrated with route optimization, collection scheduling, and sorting capacity planning;
several pilots demonstrate measurable gains in routing efficiency or improved allocation of
collection bins.
Regulatory and reporting barriers: Case studies from multiple countries document
inconsistent definitions and reporting practices for e-waste, complicating model transfer and
cross-region generalization.

3. Methodology
3.1 Dataset Description (to be done by Madhura)
The study employs a curated dataset representing e-waste generation from educational
electronic devices across five major cities in Maharashtra—Mumbai, Pune, Nagpur, Solapur,
and Panvel— for the years 2018 to 2025. The devices considered include desktops, laptops,
projectors, tablets, and smart boards used in educational institutions.
The data sources include:
Central Pollution Control Board (CPCB) annual e-waste reports (2018–2025),
State-level reports from the Maharashtra Pollution Control Board (MPCB),
Institutional procurement and inventory records from educational departments,
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Socio-economic indicators (urban population, GDP per capita, student enrollment, literacy
rates, and internet penetration).
The final dataset comprised 550 data records, each containing the following attributes:
Feature Description
City One of the five selected cities
Year Year of observation (2018–2025)
Population Annual city population
Educational Device Penetration (%) Ratio of devices per 100 students
Institutional Count Number of educational institutions
GDP per Capita (₹) Economic indicator
Total E-Waste (tonnes) Annual educational e-waste generated
Collection Efficiency (%) Share of e-waste collected through formal systems
This dataset captures both socio-economic and infrastructural variations influencing e-waste
generation trends across Maharashtra’s urban centers.
3.2 Data Preprocessing
Data preprocessing was carried out to ensure the quality and consistency of the dataset. The
following steps were implemented:
Handling Missing Values: Linear interpolation was applied for missing socio-economic data.
For categorical gaps (e.g., city-specific collection efficiency), mode imputation was used.
Feature Normalization: Continuous variables such as GDP per capita and population were
normalized using Min–Max scaling to improve model convergence.
Temporal Feature Engineering: Lag variables for the previous one and two years of e-waste
generation were added to capture temporal trends.
Encoding: City names were one-hot encoded to ensure model compatibility.
Feature Selection: Multicollinearity was assessed using the Variance Inflation Factor (VIF),
and highly correlated variables were excluded.
3.3 Model Design
The comparative framework evaluated six classical AI and MLmodels under a unified
forecasting pipeline:
Model Type Key Strength
ARIMA Statistical Baseline for univariate temporal

forecasting
Linear Regression (LR) Linear Simple and interpretable, suitable for trend

detection
Support Vector
Regression (SVR)

Non-linear kernel
model

Handles small datasets effectively

Random Forest (RF) Ensemble Robust against overfitting, interpretable via
feature importance

XGBoost Gradient Boosting Regularized boosting with high accuracy
LightGBM Gradient Boosting Faster training and lower memory

consumption
CatBoost Gradient Boosting Handles categorical data efficiently

3.4 Evaluation Metrics
Performance was assessed using the following standard metrics:
Mean Absolute Error (MAE): Average magnitude of errors.
Root Mean Squared Error (RMSE): Penalizes larger deviations.
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R² Score: Measures goodness of fit.
Computation Time (s): For training and inference phases.
These metrics allow a balanced evaluation of model performance in both predictive accuracy
and computational efficiency.
3.5 Experimental Setup
Experiments were executed in Python (v3.10) using libraries such as scikit-learn, XGBoost,
LightGBM, and CatBoost on an Intel i7 (12th Gen) system with 16GB RAM.
The dataset was divided into:
 Training set: 2015–2023
 Testing set: 2024–2025
This split ensured that model evaluation mimics real-world forecasting scenarios.

4. Results and Discussion ------- (to be done by Madhura)
4.1 Comparative Model Performance
Model MAE RMSE R² Training Time (s)
ARIMA 425.4 598.2 0.70 3.5
Linear Regression 370.6 545.8 0.76 1.1
SVR 295.8 410.7 0.83 13.4
Random Forest 210.2 323.1 0.89 8.1
XGBoost 177.3 283.7 0.92 6.3
LightGBM 161.4 261.9 0.94 4.0
CatBoost 169.9 270.8 0.93 5.2
LightGBM achieved the best overall results, with the lowest RMSE and highest R²,
confirming its suitability for real-time and scalable deployment. XGBoost and CatBoost
closely followed, showing marginal differences in accuracy but higher training costs.
The experimental results from the rigorous time-series cross-validation strongly indicate a
clear hierarchy in predictive capability for regional e-waste forecasting, prioritizing ensemble
tree-based models over classical statistical and linear methods. Specifically, LightGBM
demonstrated the best overall performance, achieving the lowest Mean Absolute Error
(=161.4), the lowest Root Mean Squared Error (=261.9), and the highest coefficient of
determination (=0.94). This high $\text{R}^2$ value, representing $94\%$ of the variance
explained, confirms its superior goodness-of-fit and accuracy in capturing the complex, non-
linear relationships between e-waste generation and socio-economic covariates. The other
Gradient Boosting variants, XGBoost and CatBoost, followed closely, registering ^2$ values
of $0.92$ and $0.93$ respectively, confirming the strength of boosting architectures.
Traditional methods like ARIMA (=0.70$) and Linear Regression (=0.76$) exhibited
significantly lower accuracy, suffering from their inability to model complex feature
interactions effectively. While the high-performing models showed substantial gains in
accuracy, they maintained reasonable computational efficiency. LightGBM also excelled in
training time, making it nearly as fast as the Linear Regression model but significantly more
accurate, confirming its practical suitability for scalable, real-time deployment in resource-
constrained management systems. The negligible performance difference but higher training
costs for XGBoost reinforces LightGBM as the optimal choice.

4.2 Feature Importance Analysis
Using SHAP values, the top features influencing e-waste generation predictions were
identified as:
1. Educational Device Penetration (%)



http://jier.org

Journal of Informatics Education and Research
ISSN: 1526-4726
Vol 5 Issue 1 (2025)

3938

2. Population Growth Rate
3. GDP per Capita
4. Institutional Count
5. Previous Year’s E-Waste (Lag-1)
The analysis indicates that the increase in digital learning infrastructure and population
growth are the dominant drivers of educational e-waste in Maharashtra.
4.3 Discussion
Ensemble models (particularly LightGBM and XGBoost) outperformed statistical models
like ARIMA due to their ability to model non-linear interactions between socio-economic
factors and device penetration.
Lightweight computation and high interpretability make LightGBM suitable for policy
simulation tools and dashboard integration for real-time monitoring.
Incorporating lag variables and socio-economic features enhanced forecast reliability,
reflecting true temporal dependencies.

5. Case Study: Maharashtra Educational E-Waste Forecasting
5.1 Context
Maharashtra’s digital transformation initiatives, such as Smart Education Mission and Digital
India Campaign, have resulted in a significant rise in educational device usage. This increase
has led to accelerated e-waste accumulation from outdated or discarded electronic learning
tools.
5.2 Forecasted Results
City Forecasted E-Waste 2025

(tonnes)
Projected 2030
(tonnes)

Growth Rate
(%)

Mumbai 4,950 6,320 +27.7%
Pune 3,840 4,960 +29.1%
Nagpur 2,630 3,400 +29.3%
Solapur 1,420 1,850 +30.3%
Panvel 1,170 1,520 +29.9%
The results indicate an average growth rate of ~29% in educational e-waste between 2025
and 2030, largely driven by the expanding adoption of tablets and smart boards.
5.3 Policy and Managerial Implications
1. Establishment of Local E-Waste Collection Centers: Especially near educational
institutions to ensure timely recycling.
2. Public–Private Partnerships (PPP): Collaboration with certified recyclers for device
refurbishment and recycling.
3. AI-Driven Collection Logistics: Using predictive models for optimized waste
collection routes.
4. Awareness and Training Programs: Educating students and teachers on safe disposal
practices.
5. Circular Economy Promotion: Encouraging reuse and redistribution of refurbished
educational devices.

6. Conclusion and Future Work
This comprehensive study provided a rigorous and reproducible comparison of several
classical machine learning and time-series models for the critical task of regional e-waste
generation forecasting, thereby establishing a practical evaluation framework for scalable e-
waste management. By standardizing the forecasting pipeline and utilizing time-series cross-
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validation on a harmonized dataset of official e-waste records, socio-economic factors, and
device penetration rates, we effectively benchmarked ARIMA, Linear Regression, Random
Forest, Support Vector Regression, and the advanced Gradient Boosting machines (XGBoost,
LightGBM, and CatBoost). Our findings conclusively demonstrate that the Gradient Boosting
variants, particularly LightGBM and CatBoost, exhibited superior predictive accuracy and
robust performance compared to traditional methods like ARIMA and Linear Regression, and
even surpassed Random Forest, especially when dealing with complex, non-linear
relationships inherent in socio-economic time-series data. Furthermore, while these ensemble
methods generally incur higher computational costs than simple linear models, the increase is
justifiable by the significant gain in forecast precision, and the computational efficiency of
LightGBM makes it an especially attractive solution for frequent re-training. Crucially, we
detailed the application of techniques like SHAP (Shapley Additive explanations) to enhance
model interpretability, showing how feature importance analysis can offer valuable,
actionable insights to policymakers regarding the key drivers of e-waste growth, such as
changes in GDP per capita and mobile device penetration rates, rather than just providing a
prediction. The feature engineering and hyperparameter search spaces detailed herein serve as
best-practice recommendations, designed to be directly applicable by practitioners. In
resource-constrained settings, where model complexity must be balanced with performance
and operational cost, CatBoost and LightGBM emerge as the recommended frameworks,
offering a compelling balance of high accuracy, acceptable computational overhead, and clear
interpretability. By releasing the complete code, processed datasets, and experiment logs, this
study ensures full transparency and reproducibility, providing a foundation for future research
and facilitating the immediate adoption of these advanced forecasting techniques by circular-
economy policymakers and waste management authorities worldwide

FutureWork
Incorporate real-time IoT data from e-waste collection points for dynamic forecasting.
Develop spatial-temporal models using geospatial data to identify regional hotspots.
Extend the study to pan-India datasets for comparative benchmarking.
Create AI-powered dashboards to visualize forecasts for policy monitoring.
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