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Fig. 6  Visual comparison between predictions of three methods for the whole area of the three regions
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Fig. 8 Accuracy assessment of the cloud and non—cloud areas of the three methods
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Spatial reconstruction—aided spatio—temporal fusion of NDVI images

TANG Yijie, WANG Qunming

College of Surveying and Geo-Informatics, Tongji University, Shanghai 200092, China

Abstract: Normalized Difference Vegetation Index (NDVI) images with fine spatial and temporal resolutions are important data for real-
time precise vegetation monitoring. Remote sensing image, as an important data source for producing NDVI data, however, always present a
trade-off between the spatial and temporal resolutions due to the limitation in the power of satellites. Generally, sensors with fine spatial
resolution always have a long revisit time (e.g., Landsat images), while sensors with a short revisit period always have coarse spatial
resolution (e. g., Moderate-resolution Imaging Spectroradiometer (MODIS) images). Spatio-temporal fusion technique can be applied to
generate NDVI images with both fine spatial and temporal resolutions, by fusing NDVI images acquired from these two categories of
sensors. The existing spatio-temporal fusion methods, however, suffer from a long-standing challenge, that is, the NDVI change between the
images at the known and prediction times, which restricts the accuracy of spatio-temporal fusion prediction greatly. In this paper, a Spatio-
Temporal Fusion Then Spatial Reconstruction (STFSR) method was proposed to cope with the NDVI change issue in predicting the 30 m
Landsat NDVI images.

Generally, when predicting the missing Landsat NDVI image by spatio-temporal fusion, a pair of spatially complete fine and coarse
spatial resolution NDVI images is also required (probably temporally far from the prediction time). Except for the original auxiliary images,
the proposed STFSR method also included the fine spatial resolution image temporally closer to the prediction time, but with different
degrees of data loss caused by cloud cover (hereafter, simplified as auxiliary cloudy NDVI image) in prediction. The implementation of
STFSR is divided into two steps: (1) Reconstructing the non-cloud area (the corresponding non-cloud area in the auxiliary cloudy image, but
in the image to be predicted) using the Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM). (2) Reconstructing the cloud
area (the corresponding cloud area in the auxiliary cloudy image, but in the image to be predicted) by a Spatial-Temporal Random Forest
(STRF) algorithm, a spatial reconstruction method integrating the information from both fine and coarse spatial resolution NDVI images.

In the experiments in three regions, the effectiveness of the proposed STFSR method was evaluated, by comparing with two commonly
used spatio-temporal fusion methods, the STARFM and the Spatial Weighting-based Virtual Image Pair-based Spatio-Temporal Fusion
(VIPSTF-SW) algorithms. The results demonstrate that the proposed STFSR can produce greater accuracy than the other two methods for all
three regions. Furthermore, when the cloud coverage increases to a certain percentage (e.g., 80%) in the auxiliary cloudy image, the STFSR
method can still provide a more satisfactory prediction than two benchmark methods. Specifically, the average Root Mean Square Error
(RMSE) of STFSR is 0.0217 and 0.0188 smaller than that of STARFM and VIPSTF-SW, respectively. The corresponding average Correlation
Coefficient (CC) is 0.0820 and 0.0742 larger, and the corresponding average Relative Global-dimensional Synthesis Error (ERGAS) is
4.3170 and 3.8535 smaller.

The proposed STFSR method takes full advantage of the important information in the cloudy, but temporally closer NDVI image,
which fails to be utilized in existing spatio-temporal fusion methods. Generally, the proposed STFSR method provides a flexible solution to
deal with the NDVI change in spatio-temporal fusion. Moreover, this model has great potential for the generation of other vegetation index
data with fine spatial and temporal resolutions, such as the Enhanced Vegetation Index (EVI) and the Leaf Area Index (LAI).

Key words: remote sensing, Landsat, MODIS, NDVI, spatio-temporal fusion, spatial reconstruction
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