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Extraction of saline-alkali land based on multi-scale segmentation and feature optimization
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Abstract: Background, aim, and scope As a kind of soil disaster, soil salinization restricts the development
of social economy and agriculture seriously. Real-time monitoring of saline-alkali land can provide scientific
basis for evaluation and improvement of saline-alkali land. This paper mainly discussed the effect of object-
oriented feature optimization algorithm applied to saline-alkali land. Taking Binhai New Area of Tianjin as the
research area and the saline-alkali land as the research object, an optimization model was established to extract
saline-alkali land. Materials and methods Taking GF-6 satellite remote sensing image as the data source, from
the perspective of object-oriented, FNEA was used to segment the image object in multi-scales. Based on the
statistics of local variances and change rates under different scales, the appropriate scale for saline-alkali land
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recognition was selected. On this basis, the initial feature space was constructed from four perspectives: spectral
feature, texture feature, shape feature and remote sensing index feature. Two algorithms, CFS and Relief F
algorithm, was used to optimize the initial feature space respectively. The obtained feature subset was used to
optimize the extraction effect of random forest algorithm on salinized land, and the two optimization results were
compared and discussed. Results (1) FNEA algorithm was used for multi-scale segmentation, and the appropriate
segmentation scale of saline-alkali land in the study area was 123. (2) The initial feature space was optimized by
CFS algorithm and Relief F, and the number of features was reduced to 40 and 17 respectively. (3) The overall
classification accuracy of random forest extraction of saline alkali land was 76.3%, and that of random forest
optimized by Relief F algorithm was 77.4%. The overall classification accuracy of CFS-optimized random forest
in salt and alkali extraction was 83.7%. Discussion These results indicated that the CFS and Relief F, as two
classical data filtering algorithm, for feature selection, can improve accuracy of random forest model in saline-
alkali land, and can make the model improved to a certain extent. The overlap rate feature subsets optimized by
the two algorithms was as high as 82%, indicating that the two kinds of algorithm of important characteristics
were good search results. In addition, the features filtered out by CFS algorithm were almost twice as many as
those filtered out by Relief F, but CFS optimized random forest had a better extraction effect on saline-alkali
land, which indicated that the number of features was not positively correlated with the final classification
accuracy. Conclusions Compared with Relief F algorithm, the random forest model optimized by CFS algorithm
had a better recognition effect on saline-alkali land extraction, and the overall accuracy was 83.7%, which was
7.4% higher than that before optimization. CFS algorithm reduced the features to 17 and filtered 81.7% of the
features, which solved the problem of data redundancy to a certain extent and improved the quality of data subset
and the operating efficiency of stochastic forest algorithm. Recommendations and perspectives Firstly, The
research ideas proposed in this paper can solve the problem of machine learning capability degradation caused
by high-dimensional data redundancy, and can be applied to the optimization of other algorithm models and the
recognition and extraction of ground classes. Secondly, in view of the different characteristics of saline-alkali
land in different seasons, the influence of seasonal change on saline-alkali land should be considered in the future
research.

Key words: GF-6; saline-alkali soil; object-oriented; feature selection; random forest
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Tab.1 Main parameters of GF-6
WEREBE B1: 0.45—0.52 pm
Blue band B1: 0.45—0.52 pm
LHEBE B2: 0.52—0.60 um
Green band B2: 0.52—0.60 um
21 3%BE B3: 0.63—0.69 pm
Red band B3: 0.63—0.69 um
IELTAMER: B4: 0.76—0.90 yum
Near infrared band B4: 0.76—0.90 um

i
Spectral range

Wi = ZJik: 8m
Resolution Multispectral: 8 m
Ll
L 90 km
Image width
2
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Tab. 3  Statistics of classification accuracy based on different algorithms

Wi SRS eSSl AP E AR FHFRERE S Kappa #%L
Classification algorithms Class Producer accuracy/%  User accuracy/%  Overall accuracy/%  Kappa coefficient
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RF EhAf . Saline-alkaline land 772 77.2 76.3 0.63
HAh  Others 79.0 93.4
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Relief F-RF g Saline-alkaline land 79.7 77.8 774 0.64
HAlb Others 783 91.8
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HAth  Others 84.6 97.6
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Fig. 4 Comparison of classification results based on different algorithms
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