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Abstract

To address the challenges of coastal wetland water quality prediction under tidal-meteorological
forcing, cross-parameter coupling, and extreme-weather disturbances, this paper proposes the SG-
RF-MTBLSTM hybrid prediction model. The targets are nearshore dissolved oxygen (DO) and in-situ
nitrate (NOs), which are jointly driven by tidal, meteorological, and biogeochemical factors. Contin-
uous hourly series are first smoothed with a Savitzky-Golay (SG) filter; a random forest (RF) then
yields a compact covariate subset; and a shared bidirectional LSTM (BiLSTM) backbone with dual
DO/NO;3 heads jointly estimates window-end DO and nitrate over a 24 h sliding window. Experi-
ments use USGS continuous-probe hourly data for 2020~2025 at the primary site USGS-02292900,
with a chronological split into training (2020~2022), validation (2023~2024), and testing (2025).
On the test set, the model attains an R? of 0.80 for DO and 0.69 for NOs. After a June-November hur-
ricane-season stratification, hurricane-season DO MAE rises from 0.59 mg/L in the normal period
to 0.94 mg/L and R? falls from 0.74 to 0.65, with a mild concurrent decline for NO;, indicating sea-
sonal out-of-distribution generalization difficulty.
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Figure 1. Architecture of the SG-RF-MTBLSTM model
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Figure 2. Architecture of the feature engineering framework
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Figure 3. Model training and optimization workflow
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Table 1. Overall model performance metrics

1 RBERIEREIEIT

() %A% DO

R MSE MAE RMSE R? SMAPE (%)
SG-RF-MTBLSTM 0.98 0.78 0.99 0.80 6.53
LSTM 1.35 0.93 1.16 0.74 9.21
RF 1.49 0.86 1.22 0.71 6.58
ARIMA 5.10 1.83 2.26 -0.04 14.34

(b) fiEEEL NOs

(e} MSE MAE RMSE R2 SMAPE (%)
SG-RF-MTBLSTM 0.00567 0.06 0.08 0.69 15.50
LSTM 0.00949 0.08 0.10 0.32 24.66
RF 0.00663 0.06 0.08 0.53 16.61
ARIMA 0.02820 0.15 0.17 -0.54 29.20
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Table 2. Normal period vs. hurricane season (June-November)
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1EH 0.59 0.75 0.05 0.69
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Figure 4. DO residual vs. tide level
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Figure 5. Feature importance for DO target
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Figure 6. Feature importance for NO3

6. NOs BFrRY4FEEZE

DOI: 10.12677/airr.2026.156123 1364 PNER ST IR YN


https://doi.org/10.12677/airr.2026.156123

iR 4

5. &

S AR H T [ /N s I Y SG-RF-MTBLSTM, DAL ZE BILSTM B T 2 4d 1+ % K DO 5 NOs;

H4ky LSTM. RF 5 ARIMA. ¥k USGS-02292900 |, it DO (] R2 4 0.80, NOs ] R24 0.69. M

WZ

7y)Jz o DO BBk, RF BHEZIESWHRF KRS R R MWL AR LAAL, #

K iTransformer 764 &4k b 35 1048 R A K AR 55 DOINO3 XX H 5 [6] . 273 7 [F) At 3k sk 2% (/] 413 ) USGS
ik 2 [ 42 M PR sl X R S5 1, I B P 48 AL 3l )i R AL, DLZE R R vk Il 255 7 ol NOg AMEAS 2 »

EemHE
AT RO R - T 2 IR HE AL & A A CU-Net (19 204 AR 2L 25 I & 42 (NO:
2025B01065).
SE K
[1] Liang, Z., Zou, R., Chen, X., et al. (2020) Simulate the Forecast Capacity of a Complicated Water Quality Model Using

(2]

(3]

(4]

(5]
(6]

the Long Short-Term Memory Approach. Journal of Hydrology, 581, Article 124432.
https://doi.org/10.1016/j.jhydrol.2019.124432

Xu, J., Xu, Z., Kuang, J., et al. (2021) An Alternative to Laboratory Testing: Random Forest-Based Water Quality Pre-
diction Framework for Inland and Nearshore Water Bodies. Water, 13, 3262. https://doi.org/10.3390/w13223262

HRRFE, TR, R%E, 55 RGNS T2 B8R0 R DU 0 s 2R ) 1 i 2 R[], iRt Rl A B,
2025, 21(5): 17-25.

YRR, SU8iE, BRANSE, S5 ZET/NEZME LSTM-Transformer AR5 7ERT I W T 7K S5 T 4347 Hh 4 2 P 92 3]
FRIE T HE, 2026, 44(3): 125-135.

Ruder, S. (2017) An Overview of Multi-Task Learning in Deep Neural Networks. arXiv preprint arXiv:1706.05098.

Liu, Y., Hu, T., Zhang, H., et al. (2024) iTransformer: Inverted Transformers Are Effective for Time Series Forecasting.
International Conference on Learning Representations, Vienna, 7-11 May 2024, 11116-11140.

DOI: 10.12677/airr.2026.156123 1365 PNER ST IR YN


https://doi.org/10.12677/airr.2026.156123
https://doi.org/10.1016/j.jhydrol.2019.124432
https://doi.org/10.3390/w13223262

	基于SG-RF-MTBLSTM模型的湿地水质预测研究
	摘  要
	关键词
	Research on Wetland Water Quality Prediction Based on the SG-RF-MTBLSTM Model
	Abstract
	Keywords
	1. 引言与相关工作
	2. 方法
	2.1. SG数据预处理
	2.2. RF特征工程
	2.2.1. 候选协变量与RF特征筛选
	2.2.2. 时间序列构建

	2.3. 多任务双向LSTM预测网络

	3. 实验
	4. 实验分析
	4.1. 整体预测性能分析
	4.2. 飓风季适应性与误差机制

	5. 结论
	基金项目
	参考文献

