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Abstract [ Objective] The anaerobic digestion system for kitchen waste leachate faces great challenges in prediction and regulation
due to the complex feeding characteristics and dynamic coupling of multiple influencing factors. | Methods|] To realize the precise
management and optimization of the industrial-scale anaerobic reaction process, this paper collected the operational data of an
industrial-scale anaerobic reactor in Shanghai from 2019 to 2023. Methane production prediction models were established using random
forest, gradient boosting, K-nearest neighbor regression and neural network, respectively. Furthermore, the Shapley additive
explanations (SHAP) algorithm was adopted to quantify the contributory and inhibitory effects of each input variable on methanogenic
efficiency. [ Results] The gradient boosting model achieved the highest R* value, along with the lowest mean square error ( MSE)

and mean absolute error (MAE) in the test set, exhibiting superior prediction accuracy and robusiness over the K-nearest neighbor

[KRmBH] 2025-01-06
[TEERA] EAR1999— ), 2, WL AL BT 5 0] 2 iy R A TH AL X ARAL , E-mail ; cui_jie@ sjtu. edu. en,
[BEEE] ki, &, #9555, E-mail : zhangho214@ sjtu. edu. cn,



BRI U ESRE

T T 0T B HLEN 27 21 BB BT S PR S = Pk e 5 e R i [ 2 Vol. 45, No. 2,2026

regression, random forest and neural network models. SHAP analysis based on the optimal model revealed that a high chemical oxygen
demand (COD) of influent water tended to induce acidification instability; an ammonia nitrogen mass concentration of approximately
1 500 mg/L. was conducive to microbial activity, while an excessively high concentration inhibited methane production; and the
methane production efficiency decreases significantly when the pH value was lower than 6.2. [ Conclusion] The interpretable
machine learning method can effectively improve the accuracy of biogas production prediction and help quickly identify and regulate the

core influencing factors, thus enabling the precise management and continuous optimization of the anaerobic digestion system for kitchen

waste. This study holds important significance for the large-scale popularization of the system.
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Fig.2 Correlation among (a) Influent Volume; (b) Influent COD; (c¢) Influent Ammonia Nitrogen;
(d) Effluent VFA and Biogas Production
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Fig.4 PCA Analysis Results of the Dataset
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Tab.3 Total Variance Explaination by PCA

Eor itk T 14 75 22 L A7) SRR T 22 LU
1 29.05% 29.05%
2 14. 54% 44.19%
3 12.72% 56.91%
4 12.31% 69. 22%
5 8.46% 77. 68%
6 8.10% 85.78%
7 5.48% 91.26%
8 3.86% 95. 12%
9 3.18% 98.30%
10 1.70% 100. 00%
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Tab.4 Evaluation Index and Optimal Hyperparameters for Each Model under Different Hyperparameter Tuning Methods
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min_samples_split =3, min_samples_leaf = 1
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learning_rate = 0. 031, n_estimators = 268
KNN DUm-frdfft n_neighbors =5 , weights = distance 0.724 7 0.173 6 0.250 3
ANN FshiE= hidden_layer_sizes =100, activation = relu 0.717 6 0.202 5 0.305 3

solver=adam , alpha=0. 05

learning_rate = constant

learning_rate_init=0. 001
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Fig.5 Machine Learning Model Prediction; (a) Random Forest; (b) XGboost; (¢) KNN; (d) ANN
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Fig. 6  Analysis Results of SHAP
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