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Efficient waste-to-energy (WTE) operation and resource recovery require rapid and reliable characterization of 
municipal solid waste, particularly in terms of elemental composition and lower heating value (LHV). 
Conventional laboratory-based chemical analyses are labor-intensive and time-consuming, limiting their 
suitability for real-time decision support in modern solid waste treatment facilities. Spectroscopic sensing offers a 
non-destructive and high-throughput alternative; however, its practical deployment is often constrained by the 
scarcity of labeled industrial samples and the complexity of multi-target prediction tasks. 
 To address these challenges, this study develops a data-efficient semi-supervised spectral framework for 
simultaneous prediction of key elemental contents (K, Mg, Na, Cl, F) and LHV in solid waste. The proposed 
approach integrates ensemble-based pseudo-labeling and confidence-driven sample selection to effectively utilize 
unlabeled spectral data while maintaining model robustness. A balanced multi-target learning strategy is further 
employed to stabilize prediction performance across targets with heterogeneous distributions. 
 Experimental validation demonstrates that the proposed framework achieves high predictive accuracy, with 
coefficient of determination (R²) values ranging from 0.924 to 0.999 across elemental targets and 0.933 for LHV 
prediction. Compared with conventional supervised models trained on limited labeled data, the semi-supervised 
strategy significantly improves generalization performance and reduces the dependency on costly chemical 
analyses. 
 The results indicate that integrating spectroscopic sensing with data-efficient learning strategies provides a 
practical pathway toward rapid feedstock assessment in WTE facilities. Such approaches can enhance operational 
stability, support energy recovery optimization, and contribute to intelligent solid waste management under 
circular economy principles. 
1.Introduction 
 Accurate characterization of solid waste residues is essential for evaluating energy recovery potential, 
corrosion risk, and pollutant formation in waste-to-energy systems. Elemental contents such as K, Na, Mg, Cl, and 
F, together with lower heating value (LHV), directly influence slagging behavior, emission formation, and 
combustion efficiency. Hyperspectral imaging (HSI) enables rapid and non-destructive spectral acquisition; 
however, quantitative prediction remains constrained by limited availability of chemically labeled samples and 
heterogeneous spectral responses across multiple targets. 
 Supervised learning models are highly dependent on sufficient labeled data to achieve stable generalization 
performance. In practical waste residue characterization, spectral data are easy to obtain whereas chemical labeling 
is costly and labor-intensive. Semi-supervised learning provides a potential solution by leveraging unlabeled data 
to enhance predictive performance while reducing labeling dependency (van Engelen et al., 2020). Among these 
approaches, pseudo-labeling combined with confidence filtering has demonstrated strong robustness in regression 
and classification tasks (Sohn K et al., 2020).  
 To address the scarcity of labeled data and the complexity of multi-target spectral prediction, this study 
proposes a semi-supervised multi-target regression framework incorporating dynamic pseudo-label generation and 
adaptive confidence filtering. 
2.Materials and Methods 

A total of 117 representative solid waste samples were collected, including paper, wood, plastics, leather, 
and textiles. Hyperspectral data were acquired in the near-infrared range (935–1720 nm) using a Specim FX17 
system. After ROI extraction and preprocessing, approximately 140,000 labeled spectra and 124,000 unlabeled 
spectra were obtained. 

Six targets were measured via laboratory analysis: K, Na, and Mg by ICP-OES; Cl and F by ion 
chromatography; and LHV by oxygen bomb calorimetry. 

The proposed framework consists of three components. First, ensemble-based feature selection (Random 
Forest, XGBoost, LightGBM) was applied to identify 50 informative wavelength features. Second, unlabeled 
samples were assigned pseudo-labels through an ensemble prediction mechanism. Model consistency and 
prediction variability were used to compute confidence scores, and an adaptive threshold was applied to balance 



 
 

pseudo-label accuracy and coverage. Third, a deep neural network was trained in two stages, integrating supervised 
loss, pseudo-label loss, and consistency regularization. Adaptive weight modulation was employed to stabilize 
multi-target optimization and prevent dominance by high-variance targets. 
3.Results and Discussion 

The prediction performance of the proposed framework on the independent testing set is shown in Figure 
1. The model achieved R² values of 0.93 for K, 0.96 for Mg, 0.98 for Na, 0.96 for Cl, 0.999 for F, and 0.93 for 
LHV, while maintaining low normalized RMSE values across targets. The results demonstrate stable multi-target 
performance despite heterogeneous spectral responses and varying numerical scales. 

 
Figure 1. Multi-target prediction performance of the proposed semi-supervised framework. 

Compared with a supervised baseline trained using the same network architecture but without unlabeled 
data, R² improvements ranged from 8.7% to 87.1%, with particularly significant gains observed for Mg and LHV. 
These improvements indicate that unlabeled spectral data effectively provide complementary distributional 
information that enhances generalization capability. 

Confidence analysis revealed mean pseudo-label confidence values above 0.96 for all targets. A 
statistically significant negative correlation between confidence scores and prediction error was observed (p < 
0.001), confirming the validity of confidence-based filtering. Importantly, optimal confidence thresholds differed 
across targets, suggesting that pseudo-label quality control in multi-target waste residue characterization should 
be adaptive rather than globally fixed. 

Moderate distributional discrepancies between pseudo-labels and true labels did not degrade performance; 
instead, they expanded the learned decision boundaries and improved robustness. This finding highlights the 
advantage of semi-supervised learning in scenarios where unlabeled data exhibit broader variability than labeled 
samples. 
4.Implications for Waste Residue Characterization 

The proposed framework reduces reliance on costly laboratory labeling while maintaining high prediction 
accuracy. It is particularly suitable for waste-to-energy preprocessing assessment, fuel quality evaluation, 
corrosion risk estimation, and continuous industrial monitoring scenarios where spectral data are abundant but 
chemical analysis is limited. 

By nearly doubling the effective training data without additional laboratory effort, the method provides a 
scalable pathway for intelligent residue characterization in sustainable solid waste management systems. 
5. Conclusion 

A scalable semi-supervised framework for multi-target characterization of solid waste residues was 
developed using hyperspectral data. Through dynamic pseudo-label generation and adaptive confidence filtering, 
the model achieved R² values between 0.93 and 0.999 across six critical indicators while substantially reducing 
dependence on labeled samples. The approach demonstrates strong potential for industrial deployment in waste-
to-energy and circular resource systems. 
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