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Table 3 Classification accuracy of Sentinel-2A image
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Fig.6 Results of image classification in the experimental area for SPOT 6
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Fig.7 The partial magnification classification results of study area for SPOT 6 image
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Fig.8 Results of image classification in the experimental area for Sentinel-2A
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Fig.10 Evaluation of Classification overall accuracy
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Study on Boosting Ensemble Learning Land Cover Classification
based on Dual-Tree Complex Wavelet Transform

Li Runxiang"*’,Gao Xiaohong"***, Tang Min"**
(1.School of Geographical Sciences, Qinghai Normal University, Xining 810008, China;
2.MOE Key Laboratory of Tibetan Plateau Land Surface Processes and Ecological, Xining 810008, China;
3.Qinghai Province Key Laboratory of Physical Geography and Environmental Process,
Xining 810008, China;
4. Academy of Plateau Science and Sustainability, Xining 810008, China)

Abstract: Ensemble Learning (EL) classification method has become a research hotspot of land cover classifica-
tion in recent years. Boosting Ensemble Learning classification method has high classification accuracy and
strong generalization ability particularly, which has been significantly applied in land cover classification. How~-
ever, Boosting Ensemble classification method is sensitive to noise. If the training sample contains noise, Boost-
ing algorithm may lose effectiveness, which is the limitation of the method. In order to solve the problems exist-
ing in Boosting Ensemble method in the classification of land cover, effectively overcome the influence of noise,
reduce the salt and pepper phenomenon in the classification results and improve the classification accuracy, a
Boosting Ensemble Learning classification method based on the dual-tree complex wavelet transform is pro-
posed. In this method, the spectral band of the image is transformed by a layer of dual-tree complex wavelet to
reduce the image noise. The extracted low—frequency features are taken as the input of Boosting Ensemble
Learning to obtain the final classification result. Boosting Ensemble Learning GBDT, XGBoost and LightGBM
algorithms are respectively compared classification accuracy and efficiency for SPOT6 and Sentinel-2A image.
The results show as follow: (1)For SPOT6 image, the overall classification accuracy of the three Boosting En-
semble algorithms is higher than 90%.1LightGBM algorithm after DTCW T has the highest classification accura-
cy. The overall classification accuracy and Kappa coefficient are 94.73% and 0.93 respectivesly. Two precision
values are higher than without the transform of dual-tree complex wavelet by 1.1% and 0.01. LightGBM algo-
rithm classification accuracy and Kappa coefficient are higher than the XGBoost algorithm by 1.99% and 0.03,
and are higher than the GBDT algorithm by 2.9% and 0.04.(2) For sentinel-2A image, LightGBM algorithm
after DTCWT has the highest classification accuracy. The overall classification accuracy and Kappa coefficient
are 93.25% and 0.91 respectivesly. Two precision values are higher than without the transform of dual-tree com-
plex wavelet by 1.53% and 0.01. LightGBM algorithm classification accuracy and Kappa coefficient are higher
than the XGBoost algorithm by 1.14% and 0.02, and are higher than the GBDT algorithm by 2.53% and 0.03.
(3) After the transform of dual-tree complex wavelet, the Boosting Ensemble Learning classification can re-
duce the noise of the image, reducing the salt and pepper phenomenon in the classification results, having stron-
ger regional consistency, improving the classification accuracy.

Key words: The dual-tree complex wavelet transform ; Boosting Ensemble Learning; GBDT ; XGBoost; Light-
GBM



