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Fig.3 Exponential time series curves of four crops
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Table 4 Producer’s and user’s accuracies obtained from the different VIs for each crop (Unit: %)
UNVI NDVI EVI WDRVI NDrel NDWI
PA UA PA UA PA UA PA UA PA UA PA UA
ESPN 89.8 94.03 88.2 94.23 87.8 92.91 88.6 94.36 89 94.38 88.1 94.63
iy 91.3 85.33 86.7 83.93 85.7 84.6 89 85.49 89 85.29 87.3 85.93
IKFE 92.2 97.46 87.2 96.67 85.1 96.7 88.2 97.67 88 97.13 86.3 97.4
K 94.1 65.17 93.1 59.41 92.7 56.98 93.9 60.74 93.3 61.83 94.9 58.36
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Fig.7 Comparison of overall accuracy (OA) and
Kappa coefficient of four crop classifications

under different indices
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Table 5 Producer’s and user’s accuracies obtained from the different VIs for each crop (Unit: %)

UNVI NDVI EVI WDRVI NDrel NDWI
PA UA PA UA PA UA PA UA PA UA PA UA
ESP/S 80.2 89.91 80.5 88.75 79.2 85.81 81.3 89.54 80 86.67 81.3 84.07
Liitkia 82.6 70.42 71.5 64.36 60.2 70 77.1 68.11 78.1 64.07 74.1 72.01
KA 85.1 96.7 69.5 92.91 45.3 94.18 76.2 94.07 68 90.91 67.5 93.75
RE 87.3 52.31 84.7 45.13 85.5 35.37 86.3 47.6 83.7 47.42 85.9 44.19
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Comparative Study on UNVI Vegetation Index and Performance
based on Sentinel-2

Zhu Man'?, Zhang Lifu', Wan Nan', Lin Yukun'?, Zhang Linshan"'?,
Wang Sa'?, Liu Hualiang’
(1.Arerospace Information Research Institute, Chinese Academy of Sciences, Beijing 100094, China;
2.University of Chinese Academy of Sciences, Beijing 100049, China;
3.Institute of Remote Sensing and Geographic Information Systems, Peking University, Beijing 100871, China)

Abstract: Accurate crop identification and classification is an important part of agricultural remote sensing detec-
tion, which is very important for crop growth monitoring and yield estimation. In this paper, based on the Senti-
nel-2 time series images of the United States mixed agricultural belt as the research area, the Universal Normal-
ized Vegetation Index (UNVI) for Sentinel-2 is calculated according to its sensor response function, and two
comparisons are made. Experiment to analyze the performance of UNVI and other six indexes in the accurate
classification of crops. Experiment 1 uses the JM (Jeffries—Matusita) distance as an indicator to analyze the sepa-
rability between different crop categories. The results show that UNVI is better than NDVI, EVI, WDRVI,
NDrel and NDWI index. In corn and cotton, corn and rice, In terms of distinguishing between corn and rice,
UNVI is better than other indexes in distinguishing ability, but in other crop combinations such as cotton and
rice, NDVI and other indexes cannot distinguish them well. At this time, UNVI index can still perform better
Distinguishing ability of experiment; Experiment 6 uses random forests and support vector machines to classify
crops of the six time series index features. The results show that the UNVI index has the highest overall accura-
cy and Kappa coefficient, followed by the NDrel index and the WDRVT index, and the EVI overall accuracy
and The Kappa coefficient is the lowest, which indicates that UNVI distinguishes the four main crops of soy-
bean, corn, cotton and rice in the study area better than the other five indexes. In summary, the UNVTI index
based on the Sentinel-2 time series has greater advantages in crop classification than other remote sensing vege-
tation indexes studied in this paper. UNVI can be used for agricultural research and application such as crop
growth analysis and crop yield research Optional vegetation index.

Key words: Sentinel-2; Time series; UNVI vegetation index ; Separability ; Crop identification



