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Abstract: The aim of this paper is to select the optimization model of the region and understand the future
quantity and spatial variation trend of the wetland landscape types in the Yellow River Delta. We used the
classified maps of the three periods of 1996, 2006 and 2016, of which the 1996 and 2006 maps were modeled for
predicting 2016; we then compared the classified and simulated maps of 2016 to assess the model performances.
The best model were used to take the classified 2006 and 2016 maps to simulate the landscape of the Yellow River
Delta in 2026. We found that: (D For the simulation of the landscape types of the Yellow River Delta, under the
influence of the same driving force factors, the LCM (Land Change Modeler) model performed better than the
CA-Markov model in terms of spatial error, while CA-Markov was more suitable for the actual wetland change
trend modeling than the LCM model in terms of numerical error. For the areas of larger landscape changes, the
advantages of the two models should be combined to best simulate the change trend of wetlands. 2 The
interference of some human factors and the impact of natural disasters on the landscape types cannot be
considered the model, it would cause some interference to simulation accuracy. For the LCM model, the number
of transition sub- models had an effect on the simulation results with the same driving force factor, the more
transition sub-models were used to generate suitable images, the higher the simulation accuracy. For CA-Markov
model, the setting of proportional error coefficient was suitable for improving the accuracy of numerical
simulation. 3 Assuming the continuation of the landscape dynamics trend during 2006-2016, and by simulation
via combining the two simulation methods up to year 2026, the simulated natural wetlands area was 1252.69 km’,
the human- made wetlands area was 1265.00 km’, and the non- wetlands area was 924.51 km’. The simulated

results suggest that natural wetlands and non- wetlands area will likely reduce, and human-made wetlands area
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will increase and expand to even shallow sea areas. Our findings can provide a scientific basis for the rational
layout planning of the regional development space and the rational and effective utilization and management of
wetland resources.
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