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Measurement Uncertainty-Aware Quantitative Remote Sensing Inversion to
Retrieve Suspended Matter Concentration in Inland Water

Ai Yeshuang Shen Yonglin

College of Information Engineering, China University of Geosciences, Wuhan, Hubei 430074, China

Abstract In the process of synchronous ground observation for quantitative remote sensing inversion, measurement
uncertainty factors like human subjective factor, environmental change and condition restriction will induce data
noise inevitably, which degrades the retrieval accuracy of the suspended matter concentration. Therefore, a
measurement uncertainty-aware retrieval method named as the adaptive sample consensus extreme learning machine
(ASAC-ELM) is proposed. ASAC-ELM integrates the merits of extreme learning machine (ELM), random sample
consensus (RANSAC) and N adjacent points sample consensus (NAPSAC). The algorithm adaptively selects
RANSAC or NAPSAC to estimate model parameters with the guidance of the parameter dimension, which avoids
the problem that the ELM algorithm is sensitive to the non-zero normal distributed data noise. The ASAC-ELM
algorithm selects inlying points (non-noise points) for model construction, thus can remove the interference from
noise, and enhance the accuracy and flexibility of the model. In order to investigate the effectiveness of the proposed
method under different noise conditions, a series of additive noise with non-zero mean normal distribution is
introduced in the training data. The comparison among ASAC-ELM, ELM and traditional back propagation (BP)
neural network algorithms is also conducted. The results show that for the retrieval of inland water suspended
matter concentration under various noise conditions, the inversion accuracy and stability of ASAC-ELM is higher
than those of ELM and the traditional BP neural network.
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Table 1 Description of simulated noise data and model parameters

Noise parameter Model parameter
bata Number of noise points Ratio of noise /% Iteration stopping criteria Inlying point threshold
I 0 0 60 30
I, ) 7 55 30
I 10 15 50 30
I 15 22 45 30
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Table 2 fruse under different noise conditions

TSM ISM
Algorithm
I, I, I I, I, I, I I,
ASAC-ELM 22.27 23.44 23.91 23.28 13.40 14.91 14.71 14.00
ELM 22.68 31.67 36.47 43.09 16.21 24.10 31.08 41.96
BP neural network 25.39 36.28 44,94 49.28 19.53 30.14 37.05 46.18
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Fig. 7 TSM retrieval results by (a) ASAC-ELM algorithm, (b) ELM algorithm and (c) traditional BP neural network
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Fig. 8 ISM retrieval results by (a) ASAC-ELM algorithm, (b) ELM algorithm and (c¢) traditional BP neural network
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