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Fig. 1 Instances of data—driven modeling and equation discovery for dynamic systems
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Fig. 2 Mathematical architecture and methods for modeling land surface dynamics by time series data driven
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Fig. 3 Visualization of the means of the ten sets of NDVI data
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Table 2 Quantitative evaluation of time series image prediction results of spatial-temporal mode decomposition method on
ten sets of MODIS NDVI data

SR SSIM 1 PSNR 1 MSE |
1 0.7128 28.49 0.001772
2 0.5936 23.93 0.004897
3 0.5131 19.26 0.018485
4 0.7936 29.34 0.001766
5 0.8398 28.52 0.002923
6 0.8055 27.02 0.004388
7 0.9063 37.33 0.000261
8 0.7882 28.97 0.002082
9 0.7819 26.89 0.002747
10 0.8666 29.79 0.001506
HIfH 0.7601 27.95 0.004083
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Table 3 Coefficients of the governing equation solved by the SINDy method on ten sets of MODIS NDVI data

SRR SHRAH S
1 2 3 4 5 6 7 8 9 10

a, 0.002 0.001 0.002 -0.001 -0.002 0.000 -0.001 0.000 0.000 0.000
a, -0.065 -0.022 -0.086 0.022 0.027 0.000 0.015 0.005 0.000 -0.001
a, 0.573 0.034 0.887 -0.123 -0.069 0.000 -0.080 -0.023 -0.007 -0.010
by 0.000 -0.011 -0.003 0.000 0.002 -0.003 0.008 0.002 -0.006 -0.001
b, -0.118 0.022 0.049 -0.016 -0.007 0.002 -0.034 0.013 0.020 -0.017
b, 1.349 -0.013 -0.240 0.040 -0.017 0.016 -0.238 -0.017 0.032 0.117
¢y 0.002 -0.010 -0.004 -0.007 0.006 0.005 0.028 0.001 0.004 -0.003
¢, -0.114 0.011 0.000 -0.017 -0.026 -0.036 -0.298 0.013 -0.025 0.009
c, 1.382 0.012 0.662 0.075 0.075 0.011 0.832 -0.007 -0.010 0.138
d, -0.018 0.005 -0.019 0.001 0.001 0.001 -0.002 0.000 0.001 -0.001
d, 0.305 -0.014 0.450 0.033 -0.003 -0.011 0.010 0.002 -0.013 0.001

2 0.084 0.010 -1.563 -0.087 0.006 0.015 0.098 -0.004 -0.002 0.040
e, -0.006 0.011 -0.012 0.009 0.004 0.001 0.005 0.003 0.002 0.003
e, -0.236 -0.047 0.212 -0.073 -0.020 -0.004 -0.030 -0.009 0.009 -0.009
e, 5.263 0.027 0.754 0.007 0.000 0.000 -0.124 -0.037 -0.049 -0.093
Jo 0.039 0.039 0.017 0.044 0.008 -0.001 0.006 0.020 -0.002 -0.005
i -1.984 -0.186 -1.395 -0.519 -0.058 0.053 -0.057 -0.206 0.066 -0.007
S 21.300 0.137 19.730 0.691 0.015 -0.122 -0.053 0.182 0.078 0.028
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Table 4 Quantitative evaluation of time series image prediction results of governing equation identification method
on ten sets of MODIS NDVI data

SEG SSIM 1 PSNR T MSE |
1 0.7146 30.94 0.000865
2 0.3277 16.93 0.031585
3 0.7790 33.07 0.000517
4 0.7412 27.63 0.002424
5 0.7916 26.35 0.004868
6 0.7236 25.81 0.006622
7 0.9404 39.88 0.000106
8 0.6889 26.90 0.003835
9 0.7000 24.86 0.004412
10 0.8369 2821 0.002174
iy 0.7244 28.09 0.005741
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Fig. 10  Image prediction results of the governing equation identification method in experiment 1 and 6 when ¢ = 1/6/11/16/20
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Table 5 Intrinsic dimension IDs of the ten sets of

experiments obtained by the LB algorithm

ST ID (Mean (+std))
1 8.12 (+0.42)
2 12.30 (£0.59)
3 8.22 (+0.44)
4 7.66 (+0.30)
5 6.31 (£0.15)
6 5.09 (£0.42)
7 5.92 (+0.02)
8 6.89 (+0.17)
9 6.56 (+0.25)
10 6.71 (+0.28)
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Table 6 Quantitative evaluation of time series image

prediction results of state variable discovery network
method on ten sets of MODIS NDVI data

S SSIM 1 PSNR 1 MSE |
1 0.8341 33.67 0.000584
2 0.8822 36.63 0.000259
3 0.4557 1833 0.024268
4 0.7907 27.97 0.002533
5 0.8881 32.48 0.000912
6 0.8833 31.16 0.000943
7 0.9648 40.50 0.000092
8 0.8334 31.00 0.001074
9 0.8016 28.94 0.001751
10 0.8712 30.36 0.001367
¥fH 0.8205 31.10 0.003378
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Abstract: Land surface dynamic is one of the key research objects in the field of remote sensing, and the systematic mastery of the law of
land surface evolution over time is a long-term and arduous task in the research of earth observation, which has a far-reaching impact in
many fields such as natural resources, ecological environment, disaster prevention and mitigation, etc. However, due to the complexity of
the driving factors and their effecting mechanisms of land surface changes, most of the modeling of land surface dynamics is simplified or
localized, and it is difficult to form a complete physical model with its corresponding mathematical formula expression.

From a methodological point of view, along with the rapid development of big data and Al for Science techniques in recent years, a
class of data-driven modeling methods for dynamic systems have emerged in addition to physical modeling. Directly using the observed data
series as input, data-driven methods can construct models that fit the data well enough to approximate or even replace underlying physical
models. In this paper, we introduce three types of data-driven approaches for modeling land surface dynamics, namely, the temporal-spatial
mode decomposition, the governing partial differential equation identification, and the state variable discovery network.

Temporal-spatial mode decomposition method extracts base modes in the data that represent the basic characteristics of the system
state, which helps us to understand the intrinsic properties of the system and further predict the future state of the system in combination
with parametric prediction methods. This method is able to separate the temporal and spatial variations of the flow field, decompose the
time-varying flow field into the sum of the products of the spatial function that does not vary with time and the temporal function that only
relies on the time variations, thus objectively and quantitatively reflecting the flow field's spatial structure and temporal variations of the
flow field.

Governing partial differential equation identification method assumes that the dynamical system expressed by the differential equations
is variably complex and nonlinear and needs to be characterized by nonlinear functions. Thus, it constructs a library of functions covering a
wide range of potential nonlinear terms, where the functions and partial derivatives in the library are likely to appear in the unknown
governing equation, and the equation is assumed to be a linear regression of these candidate functions. This method does not rely on a priori
knowledge but learns the dynamics of the system directly from the observed data.

State variable discovery network method discovers the dynamics of physical systems directly from sequential data through a network of
self-encoders, which centers on the discovery of hidden state variables from high-dimensional observational data, which can then be used to
make predictions about the future state of the system. The state variable of a system refers to the smallest set of variables that are sufficient
to completely determine the state of motion of the system.

The three types of methods are used to construct dynamic system models from remote sensing time series and the accuracy of modeling
is evaluated by image time series prediction. The experimental results preliminarily validate the effectiveness of the data-driven modeling
methods and show the characteristics, research value and application prospects of each of the three types of methods.

Key words: land surface dynamics, time series, process modeling, mode decomposition, partial differential equation, autoencoder, data
driven, sparse regression
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