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Abstract: Regional leaf area index (LAI) mapping is important for crop growth monitoring and yield es-
timation. Due to the lower accuracy and instability of statistical models for regional LAI estimation,
we proposed a new deep neural network model, i. e. Small Simple Learning LAI-Net (SSLLAI-Net),
based on small sample training, to achieve stable relationship between hyperspectral reflectance and
LAI. The new proposed SSLLAI-Net was constructed with two convolution layers, one pooling layer
and three connect layers, for which the inputs and outputs were hyperspectral reflectance and LAI esti-
mation. Moreover, SSLLAI-Net could support small training sets. We applied SSLLAI-Net to an En-
vironmental Mapping and Analysis Program (EnMAP) hyperspectral imagery for regional LAI map-
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ping, in which cereals, maize, rape seed and other crops are selected as our objects. The achieved R

values for estimated LAI of cereals, maize, rape seed and other crops were 0. 95, 0.99, 0.98 and

0. 90 based on small training sets with 50 samples, while for the inputs with noise, the R* values were
0.95.0.98.0.96 and 0. 89, respectively. In all, our new proposed SSLLAI-Net has high precision of
regional LAI mapping, stability and noise resistance with hyperspectral remote sensing observations.

Key words: leaf area index (LAI) , hyperspectral remote sensing, EnMAP, deep neural network,
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The flowchart of LAI estimation with our new pro-
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Table 1 LAI estimation accuracy with our new proposed network
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Modell, 0.61 1.02 0.99 0.12 0.53 1. 00 0.76 0. 44
Model2,, 0.62 1.01 0.89 0.42 0.48 1. 04 0.72 0. 46
Model2, . 0.62 1.01 0.89 0.42 0.48 1. 04 0.71 0.47
Model2y,, 0.62 1.02 0.89 0.42 0.48 1. 04 0.71 0.47
Model2,,, 0.62 1.02 0.89 0.42 0.48 1. 05 0.71 0.47
Model2,,, 0.61 1. 05 0.89 0.42 0.48 1.08 0.71 0.48
Model2y, 0.61 1.03 0. 89 0.43 0.47 1.08 0.71 0.48
SSLLAI-Netyy, 0.99 0.06 0.99 0.03 0.99 0.09 0.99 0.06
SSLLAT-Net, 0.99 0.11 0.99 0.05 0.99 0. 10 0.98 0. 10
SSLLAI-Nets, 0.99 0.15 0.99 0. 06 0.99 0.13 0.97 0.14
SSLLAI-Net,, 0.99 0.15 0.99 0.07 0.98 0.16 0.97 0.15
SSLLAI-Net,, 0.98 0.23 0.99 0.09 0.98 0.20 0.95 0.18
SSLLAI-Nets, 0.95 0.34 0.99 0.12 0.98 0.21 0.90 0.28
model 1 A X EAS 7 , model 2 Sy i BAs 7
#3 ETSSLLAI-Net F)EHEM ERIEHMEE R EHEE (FRS)
Table 3 LAI estimation accuracy with our new proposed network (with noise)
w4 K 3 A
FoiA SR 108187 S 25334 A 28870 27071
R? RMSE R? RMSE R? RMSE R? RMSE
SSLLAI-Netyy, 0.99 0.11 0.99 0. 05 0.99 0.17 0.99 0.07
SSLLAI-Net, g, 0.99 0.12 0.99 0. 05 0.99 0.17 0.98 0.09
SSLLAI-Nets, 0.99 0.16 0.99 0.09 0.98 0.17 0.97 0.15
SSLLAI-Net,, 0.98 0.17 0.99 0.09 0.98 0.18 0.97 0.15
SSLLAI-Net,, 0.97 0.25 0.99 0.13 0.97 0.22 0.93 0.23
SSLLAI-Nets, 0.95 0.33 0.98 0.18 0.96 0.27 0.89 0.29
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