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Abstract Based on the sap flow system and synchronous meteorological observation data of the typical arbor tree
in the city, a transpiration estimation model for urban arbor tree was built using deep neural network. The
simulation results can systematically figure out the environmental controlling factors that affect the transpiration of
Ficus microcarpa in the dry or wet seasons as well as day or night. Based on the routine meteorological
observation data from 91 meteorological observation stations in Shenzhen, the trained deep neural network was
used to estimate the station-scale hourly transpiration characteristics of typical arbor trees in Shenzhen. The results
show that 1) compared with the measured data of the sap flow system, the deep neural network can accurately
simulate the transpiration change of the Ficus microcarpa at 10-minute intervals with a R* of 0.91, MAPE of
21.77%, RMSE of 0.02 mm/h. 2) The main controlling factors of urban Ficus microcarpa during the wet and dry
seasons are solar radiation and air temperature in the daytime, while at night is saturated water vapor pressure
deficit. 3) Urban Ficus microcarpa still has transpiration at night, and average value can be 0.03 mm/h and 0.01
mm/h in dry season and wet season, respectively. 4) There are differences among vegetation transpiration in
different areas of Shenzhen, with a maximum difference of 0.10 mm/h. In general, the transpiration during the dry

YT R BIH TR (JCYI20180504165440088)F1[H 5 A AR ¥4 (41671416) %5 )
Y B 3H: 2020-02-08; &[] H #: 2020-04-10

322



B8 S ) 45

FE TR T o 22 ) 45 B0 ST S TR R PN 2 R A A RLAE 5T

season is higher than that during the wet season, and the vegetation transpiration at most sites are close to 0 at

night. For some specific sites, the average transpiration at night can reach 0.07 mm/h in dry season, and can reach

0.10 mm/h in the wet season.

Key words urban evapotranspiration; typical arbor trees; Ficus microcarpa; deep neural network; vegetation

transpiration; control factor
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Fig. 1 Deep neural network structure diagram
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