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Abstract: Due to the optical complexity of water bodies
and the

parameters, utilizing ensemble machine learning methods

interactions among various water quality

for estimating water quality parameters offers advantages.

However, selecting hyperparameters in the modeling
process remains challenging. The sparrow search
algorithm (SSA) can rapidly search for optimal

parameters of ensemble machine learning models, while
the Levy flight algorithm prevents SSA from being trapped
in local optima, thereby improving the accuracy and
efficiency of the model. In this paper, the Levy flight
algorithm and SSA were used to optimize three ensemble
(RF) , AdaBoost
regression (ABR) , and CatBoost regression (CBR).

learning models: random forest
Taking Zhengzhou Dongfeng Canal and Xiong’ er River as
the study area, estimation models (LSSA-RF, LSSA-ABR,
and LSSA-CBR) were developed based on measured
chlorophyll-a and total suspended solids concentrations.
The experimental results show that after optimization,
various indicators show improvements to varying degrees.
Among them, the LSSA-CBR model exhibits the best
performance. The CBR model, which is modeled under
the gradient boosting framework, demonstrates higher
learning capability compared to RF and ABR models. For
the estimation of chlorophyll-a, the root mean square
error (RMSE) of the LSSA-CBR estimation model is
2.325 pg-L', and the coefficient of determination (R?) is
0.896. For the estimation of total suspended solids, the

> AN < 5

=

5



5 3 1

PR, E AT Levy WATABRAE L R ST TA I ALHE M ST R R A 5 451

RMSE of the LSSA-CBR model is 1.598 mg-L"', and R’ is
0.882. Finally, the LSSA-CBR model,
strong accuracy, was applied to Planet images to evaluate

demonstrating

the spatial distribution of chlorophyll-a and total
suspended solids in rivers, providing a valuable reference
for quickly understanding the distribution of urban river
water quality and conducting water quality assessment

and management.

Keywords: chlorophyll a; total suspended matter;

integrated learning model; Levy flight-sparrow search

algorithm; urban river
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Fig. 1 Location of the study area
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Tab. 1 Statistics of water quality
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Tab. 2 Information of SuperDove band
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overlaid with Planet remote sensing imagery
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Fig. 3 Research methodology and technical ap-
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Tab.4 Parameter profile of optimized model

R S B TSM BTSN E S Chl—a B AR S 80 Fe i (H
n_estimators 64 80
LSSA—RF min_samples_split 2
max_depth 11
n_estimators 90 97
LSSA—ABR .
learning _rate 0.04 0.05
n_estimators 140 214
LSSA—CBR learning_rate 0.01 0.01

depth
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