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Study of UV Visible Spectrum-Based COD Detection Method for
Water Quality Monitoring Based on LLE-SVR

KANG Bei, MA Jie

(School of Automation, Beijing Information Science & Technology
University, Beijing 100192, China)

Abstract: Chemical Oxygen Demand (COD) is one of the important
indicators reflecting the degree of water pollution. In view of the
problems of multispectral data and easy to be disturbed in UV visible
spectrum-based COD measurement, a method combining Locally
Linear Embedding (LLE) with Support Vector Regression (SVR) is
proposed to build prediction model to improve prediction accuracy.
Firstly, different combinations of preprocessing methods and model
analysis methods (SVR and Partial Least Square Regression (PLSR))
are tried to estimate the effect of the prediction model. The results
show that "Wavelet Transform(WT)+ SVM" is better in the model
effect. Then, in order to reduce computational complexity and
improve computational efficiency, LLE and Principal Component
Analysis (PCA) are used respectively to reduce the dimensionality
of the data and establish the COD concentration prediction models
combined with SVR. The results show that the mean square errors of
the training samples and the test samples are 0.076030 and 0.061477
in "LLE+SVR" prediction model, which are less than 0.216076
and 0.317303 respectively in the "PCA +SVR" model. This method
improves the prediction accuracy of the model and provides a
feasible analysis method for the UV visible spectrum-based COD
concentration determination in water quality monitoring.

Key words: Chemical Oxygen Demand (COD); Support Vector
Regression (SVR); ultraviolet visible absorption spectrum; Locally

Linear Embedding (LLE)
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